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Abstract  

Mountain forests in northern Patagonia are exposed to rapid climatic changes, with increasing 

temperatures, changing precipitation regimes, and more frequent and severe extreme events 

threatening their current structure and resilience. Understanding these short- and long-term 

dynamics requires integrating climate information across scales: from macroclimatic datasets 

that inform broad biogeographic analyses to microclimatic measurements that capture the 

conditions organisms directly experience. This dissertation addresses how macroclimatic and 

microclimatic modelling can be combined to improve ecological assessments in mountainous 

forest landscapes, focusing on the Río Puelo watershed of northern Patagonia. 

Three empirical studies form the core of this work. The first compares two widely used high-

resolution climate datasets (CHELSA v2.1 and WorldClim v2.1), showing substantial 

differences in precipitation estimates and associated bioclimatic classifications, with direct 

implications for how forest distribution may be projected under future climate scenarios. The 

second develops spatial models of microclimatic variability based on a dense network of in-

situ sensors combined with remote sensing, as well as weather station and reanalysis data. 

Results highlight the strong and dynamic influence of vegetation structure and topographic 

position on forest microclimates, affecting both near-ground and sub-canopy (2 m) temperature 

and moisture conditions, and demonstrate the feasibility of modelling these patterns at 30 m 

resolution. The third study examines microclimatic buffering during summer heat extremes, 

revealing that forest structure and elevation consistently reduce maximum temperatures and 

moderate diurnal warming and cooling rates, while slope orientation exerts weaker and more 

variable effects. Importantly, buffering strength increases under extreme heat, underscoring 

the temperature-sensitive character of microclimatic regulation. 

Taken together, the findings show that the regions of highest ecological sensitivity are also 

those where climate representation is most uncertain, and where fine scale vegetation and 

topographic features exert the greatest influence on local conditions. By integrating 

macroclimatic uncertainty with microclimatic evidence, this dissertation advances conceptual 

and methodological links between climate and ecosystem research across scales. The results 

have direct implications for modelling species distributions, understanding forest regeneration 

dynamics, and informing ecosystem-based management strategies in the fire prone temperate 

forests of northern Patagonia. Beyond the case study region, the work shows how combining 

climate data across scales supports more robust evaluations of climate–ecosystem 

relationships in mountainous terrain. It also provides a framework that can be applied to other 

forested landscapes where microclimatic processes are critical for resilience. Finally, it 

highlights the need to account for both uncertainty in global climate products and the buffering 

capacity of local ecosystems when assessing biodiversity responses to climate change.
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1. Introduction 

Climate change is reshaping forest ecosystems across the globe. Rising temperatures, altered 

precipitation patterns, and an increasing frequency and severity of extreme events such as 

droughts, storms, and wildfires are transforming the structure, composition, and functioning of 

forests (Allen et al. 2010; Seidl et al. 2014; Millar and Stephenson 2015; Seidl et al. 2017; 

Sommerfeld et al. 2018; Forzieri et al. 2022; Seidl and Turner 2022). These changes are 

particularly consequential in mountainous regions, where steep topographic gradients and high 

climatic variability create ecologically complex and diverse landscapes (Rangwala and Miller 

2012; Albrich et al. 2020; Adler et al. 2022). While topographic complexity can buffer climate 

change impacts through a moderation of local conditions and a delay of vegetation shifts, this 

buffering capacity has limits, and even moderate warming may push mountain forests past 

critical thresholds, leading to irreversible changes and alternative states, especially under 

reduced precipitation scenarios (Albrich et al. 2020). 

The temperate forests of northern Patagonia, composed largely of Austrocedrus chilensis and 

Nothofagus species, are arranged along steep elevation and climate gradients shaped by 

Andean topography (Veblen et al. 1996). Although this forest belt remains broadly continuous 

across north-western Patagonia, it is increasingly affected by rising temperatures, drought, and 

shifts in disturbance regimes (Rodríguez‐Catón et al. 2016; Kitzberger et al. 2022; Tovar et al. 

2022). Fire activity has intensified over recent decades and is projected to increase under 

continued warming (Kitzberger et al. 2022). As composition and structure shift under these 

pressures, local climate also changes, which in turn shapes ecological processes and long-

term forest resilience (Paritsis et al. 2015; Tepley et al. 2018; Tiribelli et al. 2024). 

In this context, understanding climatic responses in mountain forests, including those of 

northern Patagonia, requires examining how topography and terrain shape local climatic 

variability. Temperature and moisture conditions in mountain landscapes often vary markedly 

over short distances due to differences in elevation and slope orientation that influence 

incoming solar radiation (Barry 2008b). This variability, in turn, impacts species distributions, 

the extent to which they approach physiological thresholds, and their capacity to regenerate 

after disturbance events (Körner 2004; Graae et al. 2018; Rahbek et al. 2019; Marsh et al. 

2022b). Recent findings highlight that such fine-scale heterogeneity modulates forest 

resilience, leading to spatially heterogeneous responses to climate change even within the 

same population or forest stand (Carnicer et al. 2021). Besides topographically associated 

variation, forests also have substantial interior climatic heterogeneity due to structural 

attributes. Canopy cover, canopy density, and composition of the understory affect 

temperature and humidity, generally creating cooler, more humid, and more stable conditions 

within the forest (De Frenne et al. 2019; Zellweger et al. 2020). Likewise, these interior 
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conditions shape species-level responses to climate change, such as physiological 

performance (Zweifel et al. 2007; Sanczuk et al. 2021), and also mediate ecological processes 

including regeneration dynamics (Marsh et al. 2022a; Espinosa del Alba et al. 2024), and 

species turnover (De Frenne et al. 2013; Iseli et al. 2025). Thus, the interior climate within 

forests has emerged as a key attribute in defining ecological resilience and biodiversity 

patterns under the pressure of climate change (De Frenne et al. 2019; Zellweger et al. 2020; 

De Frenne et al. 2021).  

Recognizing the ecological importance of climatic variability at small scales raises important 

questions about how climate is represented in ecological research. Climate data are central to 

most analyses of biodiversity patterns and ecosystem functioning, yet there is often a mismatch 

between the scales at which such data are represented and the scales at which organisms 

experience climate (Franklin et al. 2013; Potter et al. 2013; Slavich et al. 2014; Suggitt et al. 

2017). This mismatch underscores the need to distinguish between macroclimate and 

microclimate. While macroclimate describes regional climate regimes at large spatial scales, 

microclimate refers to the local conditions as they are perceived by many organisms (Barry 

and Blanken 2016). Whereas macroclimate provides a foundation for broad biogeographic 

patterns, microclimate captures the fine-scale variability shaped by topography and vegetation 

structure. In this context, identifying where and when microclimate provides explanatory value 

is a significant step toward more accurate measures of ecological response to climate change 

(Senf and Seidl 2018; Stark and Fridley 2022; Klinges et al. 2024). This, however, depends 

above all on the availability of datasets that can serve as a foundation for such identification. 

Macroclimatic datasets such as CHELSA (Karger et al. 2017) or WorldClim (Fick and Hijmans 

2017b) provide the fine spatial resolution needed for many regional assessments and are often 

the only available source of such climate grids. However, these products are built by 

interpolating weather-station observations. Where station networks are sparse or unevenly 

distributed in complex terrain, the interpolation struggles to capture local conditions (Bobrowski 

and Schickhoff 2017; Abdulwahab et al. 2022; Hemp and Hemp 2024). This is particularly true 

for precipitation estimates and for capturing the intensity and frequency of extreme events. In 

mountainous regions such as northern Patagonia, these datasets may fail to represent steep 

environmental gradients or localized processes such as cold-air pooling or orographic rainfall 

effects on a small scale, leading to systematic biases in temperature or moisture estimates. 

These inaccuracies can ultimately propagate into ecological models, potentially compromising 

assessments of habitat suitability, species vulnerability, and conservation priorities (Bobrowski 

and Schickhoff 2017; Datta et al. 2020; Bobrowski et al. 2021). 

At the same time, modelling microclimates faces several challenges. These are especially 

relevant when scaling up measurements to estimate temperature and moisture across 

heterogeneous landscapes (Bramer et al. 2018). From a methodological perspective, there is 
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still a need for greater temporal flexibility in microclimatic information. Although spatial 

resolution has advanced, long term interpolations that are crucial for many analyses are still 

often missing (Kemppinen et al. 2024). A further issue concerns proximity, meaning how 

closely the climate variables represent the conditions experienced by the organism or 

ecological process of interest (Klinges et al. 2024). Downscaled topoclimatic products may 

provide fine spatial grids, yet they frequently still reflect free air conditions derived from weather 

stations (Bramer et al. 2018). This mismatch is critical in forests, where temperature and 

humidity can be decoupled or buffered relative to the free atmosphere, and where vertical 

structure adds further complexity (De Frenne et al. 2021). Mapping microclimates across 

space and time is therefore essential for understanding how local dynamics scale up to 

influence broader processes (Zellweger et al. 2019a). Beyond these methodological issues, 

geographic coverage in microclimate research remains uneven (Kemppinen et al. 2024). 

Northern Patagonia, including the Río Puelo basin, lacks extensive microclimate monitoring. 

As a result, many studies in the region rely on high resolution global products rather than 

datasets collected inside forests with explicit vertical coverage. 

Against this background, this thesis examines how climate data across spatial scales can both 

improve and, if uncertain, impair our understanding of forest ecosystems in mountainous 

regions under climate change.  

The overarching goal is to assess the strengths and limitations of both macro- and 

microclimatic approaches, and to identify how fine-scale variability can be integrated into 

landscape-scale modelling.  

The thesis itself is embedded in the research project Sustainable forest management of 

temperate deciduous forests – Northern hemisphere beech and southern hemisphere beech 

forests (KLIMNEM), a collaboration between the University of Göttingen (Germany), the Free 

University of Bozen-Bolzano (Italy), the University of Applied Sciences and Arts (HAWK, 

Germany), and the Andean Patagonian Forest Research and Extension Centre (CIEFAP, 

Argentina). The project is funded by the German Federal Ministry of Food and Agriculture 

(BMEL) through the Federal Office for Agriculture and Food (BLE, grant No. 28I-042–01). 

Within KLIMNEM, this dissertation contributes to project module 2, which focuses on the 

assessment of risks and opportunities using GIS-based, multifactorial modelling and multi-

sensor remote sensing. In this context, my research addresses the climate modelling of the 

Río Puelo basin, raising the central questions of what climatic information is currently available, 

how reliable these data are, and how climate assessments can be improved to support 

ecological applications in the region. Therefore, the thesis is structured around three empirical 

studies, each addressing a distinct set of research questions: 
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The first study examines the representation of climate in global datasets and its influence on 

bioclimatic assessments in forested mountain landscapes. It addresses: 

Q1: How do CHELSA v2.1 and WorldClim v2.1 differ in their spatial representation of 

temperature and precipitation patterns within the Río Puelo watershed? 

Q2: Does the choice of CHELSA v2.1 versus WorldClim v2.1 affect projections of the 

spatial extent and distribution of forest bioclimatic zones within the Río Puelo watershed 

under future climate scenarios? 

The second study focuses on spatial modelling of microclimatic variability, using in-situ 

measurements and remote sensing to identify drivers of fine-scale conditions in Andean 

forests. It addresses: 

Q3: Which macroclimatic, vegetation, and terrain predictors account for the largest 

share of variation in monthly microclimatic conditions across multiple vertical levels in 

Andean forests of northern Patagonia? 

Q4: How consistent is the influence of key vegetation and terrain predictors across 

months and seasons, and do these effects vary across vertical levels and between 

temperature- and moisture-related microclimatic variables? 

The third study investigates near-surface thermal buffering during summer heat, examining 

how vegetation structure, topography, and heat stress interact to shape diurnal temperature 

dynamics. It addresses: 

Q5: Does microclimatic buffering, measured as temperature differences between 

buffered and exposed sites, vary with higher maximum temperatures at exposed sites, 

and which environmental gradients are associated with the greatest increases? 

Following this framing, the thesis begins with a review of relevant theoretical and conceptual 

frameworks, establishing the broader context for the research questions. The subsequent 

chapter describes the study area, its regional climate, and the tools applied for data acquisition. 

The core chapters present the three empirical studies, each addressing different components 

of the overarching research aim and corresponding to the research questions outlined above. 

The final chapter integrates findings from all studies, emphasizing their collective contribution 

to understanding forest ecosystem responses to climate change, and discusses 

methodological limitations, practical implications, and directions for future research. 
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2. Conceptual background 

2.1 Landscape and ecosystem ecology 

Landscape ecology developed at the intersection of ecology, geography, and spatial planning, 

seeking to explain how spatial heterogeneity influences ecological processes and vice versa 

(Forman and Godron 1986; Turner 1989). The term landscape is not merely descriptive of 

scenery but analytical, capturing the spatial mosaics where ecological processes and human 

influences interact and transform over time (Forman 1995). In this sense, the discipline 

provides a bridge between local ecological dynamics and broader geographic patterns. A core 

principle of landscape ecology is therefore its focus on heterogeneity as both driver and 

outcome, which inherently requires examining the relationships among pattern, process, and 

scale (Turner 1989; Wu 2013). Variation in vegetation cover, soil properties, hydrology, or 

microclimate creates distinct habitat conditions. These variations, in turn, regulate species 

distributions, energy and material fluxes, and dynamics of disturbances (Billings et al. 1987; 

Pickett and Cadenasso 1995; Stein et al. 2014; Premke et al. 2016; Seidl et al. 2018). 

Conversely, ecological processes such as dispersal, succession, or fire actively shape the 

structure of the landscape, producing feedback loops between pattern and process (Suding et 

al. 2004; Tepley et al. 2018). Over time, landscape ecology has expanded from a primarily 

descriptive discipline into a more predictive and analytical science. Early focus on visual 

interpretation of landscapes has been complemented by quantitative models, spatial statistics, 

and large-scale datasets, with geospatial technologies now forming mainstream tools for 

analysing spatial patterns and processes (Wiens 1992; Bastian and Steinhardt 2002; Wang et 

al. 2025). Parallel to these methodological advances, the field has increasingly positioned itself 

as a problem-oriented science, engaging directly with ecological and social challenges 

(Opdam et al. 2001; Wang et al. 2025; Wu et al. 2025). 

Among the central concepts of landscape ecology, scale is widely recognized as one of the 

most fundamental (Delcourt and Delcourt 1988; Wiens 1989; Turner 1990). Ecological 

processes unfold across multiple spatial and temporal scales, from localized biogeochemical 

cycling (Ladau and Eloe-Fadrosh 2019) to the global carbon cycle (Falkowski et al. 2000). 

Observed patterns often shift depending on whether analysis is conducted at fine-grained 

resolutions or broader extents. This phenomenon, sometimes referred to as the problem of 

scale, means that ecological inference depends on matching the scale of observation with the 

scale of the underlying process (Levin 1992). Another critical concept is hierarchy theory, which 

emphasizes that processes are nested: local conditions are constrained by broader regional 

dynamics, while simultaneously influencing them (Allen and Starr 1988). For example, a patch-

level disturbance such as treefall may influence microhabitat conditions, yet its longer-term 

impact depends on regional climate and land-use legacies. This layered understanding 
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prevents simplistic conclusions and instead encourages analyses that recognize interactions 

across scales (Peters et al. 2007). Landscape structure is also frequently formalized through 

models such as the patch-corridor-matrix framework, which views landscapes as mosaics of 

habitat units embedded in a broader matrix. Within this framework, each location in the 

landscape is interpreted as belonging to one of three elements: patch, corridor, or matrix 

(Forman 1995). While this representation is a simplification, it provides a useful conceptual 

tool for thinking about connectivity, fragmentation, and flow across landscapes (Blois et al. 

2002). Later perspectives have extended this to gradient-based approaches, recognizing that 

many ecological variables vary continuously rather than discretely across space (McGarigal et 

al. 2009). Together, these concepts build the core of the discipline, highlighting that landscapes 

are structured, scale-dependent systems where ecological outcomes arise from the interaction 

of local conditions with broader configurations. 

These concerns with scale and structure also reveal the close intellectual and methodological 

ties between landscape ecology and geographic science. Geographers have long emphasized 

the importance of space, place, and spatial relationships, concerns that resonate deeply with 

landscape ecological approaches and have informed perspectives across the social and life 

sciences (Hunziker et al. 2007; Agnew 2011). The development of geospatial technologies has 

revolutionized the field, providing new levels of capacity to observe and analyse landscapes 

at multiple resolutions (Newton et al. 2009; Yu et al. 2019). Recent developments in geospatial 

data and computational capacity have steadily expanded the ability to analyse landscapes, 

enabling researchers to connect ecological patterns with processes in greater detail, over finer 

scales, and through more dynamic perspectives than was previously possible. For instance, 

integrating high-resolution vegetation and topographic data into spatial models makes it 

possible to capture microclimatic variability and reveal ecological dynamics that remain hidden 

in coarser-scale species distribution models (Frey et al. 2016a; Meineri and Hylander 2017). 

Beyond technical advances, the geographic tradition contributes a conceptual orientation: the 

idea that spatial context matters. Ecological patterns cannot be fully understood without 

considering proximity, neighbourhood effects, and connectivity (Legendre and Fortin 1989; 

Tilman and Kareiva 1997; Dale 2009). Whether examining species distributions, disturbance 

spread, or climate gradients, geographic thinking ensures that analysis is not limited to isolated 

patches but instead considers their embeddedness in wider landscapes. 

Climate change further underscores the importance of these geographic and technological 

perspectives, as its impacts are rarely uniform across space. Global averages mask 

substantial spatial heterogeneity in exposure and vulnerability (Rangwala and Miller 2012; 

Garcia et al. 2014; Xie et al. 2015). Next to regional patterns of change, local factors such as 

topography, vegetation, and land use can amplify or buffer climatic signals, producing diverse 

outcomes even within small geographical units (Barry 2008b; Pielke et al. 2011; De Frenne et 
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al. 2021). Landscape ecology’s focus on heterogeneity, therefore, makes it uniquely suited to 

investigate these fine-scale variations. Homogenous landscapes may exacerbate vulnerability 

by limiting species’ movement to more suitable habitats, while heterogeneous landscapes may 

provide refugia where species persist under otherwise unfavourable conditions (Ackerly et al. 

2010; Lenoir et al. 2017). Such insights highlight, once again, the importance of considering 

spatial context when evaluating resilience and adaptation potential to climate change (Allen et 

al. 2016). Thus, landscape ecology offers conceptual and analytical tools to disentangle the 

interplay between climate and spatial patterns. By emphasizing scale-dependent processes, it 

facilitates understanding of how global drivers translate into local impacts, and conversely, how 

local buffering may scale up to influence broader ecosystem stability. The field thus contributes 

not only to ecological theory but also to applied efforts in conservation and land management 

under climate change (Nowakowski et al. 2018; Keppel et al. 2024). 

Climate change rarely operates in isolation but interacts with disturbances that are central to 

landscape dynamics (Turner 2010). These disturbances, including abiotic drivers such as fire, 

wind, and drought, as well as biotic agents like insects and pathogens, are closely linked to 

climatic conditions and influence the structure and composition of landscapes (Seidl et al. 

2017). Landscape ecology frames disturbances not as anomalies but as integral processes 

that create and maintain mosaics of different successional stages (Turner et al. 1993; Turner 

et al. 1998). The ecological consequences of disturbance depend strongly on landscape 

context: topographic complexity modulates the size, shape, and distribution of disturbance 

patches, thereby influencing whether disturbances lead to landscape homogenization or 

increased heterogeneity (Senf and Seidl 2018). Fire in continuous forests often spreads 

differently than in fragmented mosaics, where edges, altered connectivity, and human activities 

can obstruct, redirect, or intensify fire progression (Driscoll et al. 2021); regeneration is likewise 

shaped by landscape context, with establishment success varying across burn edges, 

elevations, and interior patches (Coop et al. 2010). Moreover, disturbances frequently interact 

with one another and with broader climatic processes. Such interactions are often complex 

and can lead to counterintuitive dynamics, highlighting the need to consider multiple drivers 

simultaneously rather than in isolation (Burton et al. 2020). Recognizing these interactions 

highlights the importance of feedbacks: disturbances alter vegetation and ecosystem 

processes in ways that, when coupled with climatic extremes, not only shape future 

disturbance regimes but also feed back into the climate system (Thom et al. 2017). This 

dynamic perspective shifts focus away from paradigms of stability toward resilience, sensitivity, 

and regime shifts (Seidl et al. 2014; Anderegg et al. 2020; Forzieri et al. 2022; Seidl and Turner 

2022). For landscape ecology, this means viewing disturbance not only as a driver of change 

but also as a process tightly interwoven with spatial pattern and ecological response. 
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The ecological consequences of such disturbances cannot be understood without considering 

the organisms that inhabit these landscapes, since species perceive and interact with spatial 

patterns in different ways. In fragmented landscapes, connectivity and corridors are not only 

critical for species movement but also for maintaining ecological processes such as pollination 

and seed dispersal (Tewksbury et al. 2002). For plants and less mobile organisms, the fine-

scale availability of microhabitats and refugia becomes critical, especially under changing 

climates or disturbance regimes (Ashcroft 2010; Denney et al. 2020; De Frenne et al. 2021). 

From a landscape perspective, ecological responses cannot be explained by macro-level 

drivers alone; instead, they arise from the interplay of organismal traits, landscape structure, 

the climate as it is locally experienced, and competition under changing conditions (Alexander 

et al. 2015; Pacifici et al. 2015; Fei et al. 2017). To understand these dynamics, it is crucial to 

capture the fine-scale climatic conditions organisms experience and the structural features that 

shape them. These factors strongly influence survival, reproduction, and disturbance 

processes, which in turn affect the distribution of plant species across landscapes (D'Odorico 

et al. 2013; Just et al. 2016; Zellweger et al. 2019b). 

2.2 Microclimatology 

Microclimates describe the local climatic conditions that are actually experienced at the scale 

of organisms, and these often differ substantially from regional climate averages (Bramer et 

al. 2018). These deviations arise because climate is filtered through local biotic and abiotic 

features such as topography, vegetation, and soils, which regulate radiation, wind, humidity, 

and energy fluxes (Geiger et al. 2009; Barry and Blanken 2016). Topographic variation, 

including elevational gradients, slope orientation, and terrain roughness, can generate 

pronounced temperature contrasts across very short distances (Barry 2008b; Dobrowski 2011; 

Rita et al. 2021). Vegetation and soils add further complexity: dense canopies reduce incoming 

radiation and wind speed, buffering organisms from extremes, whereas open or patchy 

vegetation exposes ground surfaces to greater heating and drying (Renaud and Rebetez 2009; 

von Arx et al. 2013; De Frenne et al. 2019). The ability of vegetation to buffer local climates is 

further influenced by water availability, meaning that shifts in canopy cover or soil moisture can 

alter how effectively ecosystems moderate temperature extremes (Davis et al. 2019; Greiser 

et al. 2024).  

These fine-scale conditions are ecologically important because they directly influence the 

physiological limits of organisms, governing survival and reproduction (Körner 2004; Graae et 

al. 2018; Rahbek et al. 2019; Crockett and Hurteau 2022; Marsh et al. 2022a). Their effects 

scale up from individuals to populations, communities, and ecosystems, shaping demographic 

rates, competitive dynamics, and ultimately species distributions (Kemppinen et al. 2024). 

Microclimates can buffer organisms from broader climatic extremes by providing microrefugia, 
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or conversely, amplify stress through locally intensified droughts or heat events. In this way, 

they may mediate the ecological consequences of climate change (Suggitt et al. 2018; De 

Frenne et al. 2019). However, such local modifications are not captured by macroclimatic 

datasets, which are typically based on standardized weather stations in open, wind-exposed 

sites (Fick and Hijmans 2017b; Karger et al. 2017) and therefore miss the terrain, vegetation, 

and soil effects that shape the actual conditions experienced by organisms (Lembrechts and 

Lenoir 2020). 

Microclimates also provide a critical link between landscape ecology and climate change 

biology. Local heterogeneity in vegetation and topography generates mosaics of thermal and 

moisture niches that reinforce the pattern–process feedbacks central to landscape ecology. 

Disturbances such as fire, wind, or drought both shape and are shaped by microclimatic 

conditions, influencing regeneration pathways and the resilience of ecosystems (Just et al. 

2016; Kopáček et al. 2020; Thom et al. 2020; Atkins et al. 2023). Thus, understanding 

landscape dynamics under climate change requires explicit consideration of microclimatic 

variation. Furthermore, acknowledging the ecological significance of microclimatic variation 

has created new possibilities in applied disciplines like biodiversity conservation and forestry, 

where managing microclimatic heterogeneity is increasingly viewed as a strategy to strengthen 

resilience in the face of climate change (Hylander et al. 2022; Kemppinen et al. 2024). Recent 

advances in methods have accelerated this development. In-situ loggers and wireless sensor 

networks provide high-resolution microclimatic data (Wild et al. 2019; Rebaudo et al. 2023), 

while remote sensing technologies such as LiDAR, UAV-based thermal imaging, and satellite-

derived products enable mapping microclimate drivers across landscapes (Zellweger et al. 

2019a).  

Approaches to modelling microclimates span a continuum from mechanistic to statistical 

(Kemppinen et al. 2024).  

Mechanistic or process-based models, rooted in energy-balance equations, offer a detailed 

representation of the physical processes that govern near-ground climate (Porter et al. 1973; 

Kearney and Porter 2009). Despite advances in computational power and theoretical 

understanding, mechanistic models remain difficult to apply at large scales, as they require 

detailed input data and face persistent challenges of scaling, calibration, and validation (Cabral 

et al. 2017). Nonetheless, they play a crucial role in advancing our understanding of how biotic 

and abiotic drivers shape microclimates and will be increasingly important for developing 

reliable projections of ecosystem responses to climate change (Maclean et al. 2019; Briscoe 

et al. 2023).  

Statistical models, by contrast, establish empirical relationships between microclimates and 

their drivers such as terrain or canopy cover. While they cannot establish causation, they can 
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describe functional relationships between organisms and their environment (Box 1966; Sokal 

2009). These approaches are computationally efficient and scalable, but their transferability 

across regions or time periods is limited. This is partly because the geospatial predictors they 

rely on, such as topographic indices or vegetation cover, act only as proxies for the underlying 

physical processes, and their statistical relationships with microclimates can shift across 

landscapes and seasons (Aalto et al. 2022). In applied contexts, statistical frameworks are 

often used for spatial interpolation or downscaling, for example converting point-based logger 

data into continuous climate surfaces or refining coarse-grained macroclimate datasets into 

fine-scale predictors for species distribution models (Ashcroft and Gollan 2012; Meineri and 

Hylander 2017). While such techniques improve the spatial resolution of climate information, 

they remain constrained by the quality and representativeness of predictor variables and by 

assumptions about the stability of their relationships with microclimate. In addition, the 

effectiveness of statistical models depends on how well ecological theory is incorporated into 

the modelling framework, since purely correlative approaches risk overlooking key processes 

or interactions (Austin 2002). Nevertheless, statistical models remain valuable tools for 

predicting microclimatic patterns across large spatial and temporal extents, especially when 

combined with ecological insights that improve their explanatory power (Zellweger et al. 2019b; 

Zellweger et al. 2020). 

  



 
32 

 

3. Environmental setting and data collection  

3.1 Study region 

This dissertation focuses on the temperate mountain landscapes of northern Patagonia, 

Argentina, situated in the Andean foothills around the Río Puelo and Río Manso watersheds 

(between 41-42° S, 71-72° W). The region is characterized by steep topographic gradients, 

complex valley systems, and a pronounced west-east precipitation decline caused by the 

Andean rain shadow. Annual precipitation, based on 1991–2020 climate normals, exceeds 

1,400 mm in the western ranges (Río Manso Inferior; 41.6° S, 71.8° W; 439 m a.s.l.) but falls 

below 500 mm in the east (El Maitén; 42.1° S, 71.2° W; 652 m a.s.l.), while elevations span 

from below 500 m to over 3000 m a.s.l. (Sistema Nacional de Información Hídrica 2023). These 

climatic and topographic gradients interact to generate high environmental heterogeneity over 

short spatial scales. 

 

Figure 3.1 Dominant native tree species within the Río Puelo watershed. Photos by Jonas Fierke (all except upper 

right) and Birgitta Putzenlechner (upper right). 

Vegetation is dominated by temperate forests of Nothofagus species (N. pumilio, N. dombeyi, 

N. antarctica) and Austrocedrus chilensis, forming a continuous but compositionally diverse 

belt across the landscape (Figure 3.1). Dense N. dombeyi and mixed forests occur at lower 

and mid-elevations, whereas N. pumilio dominates at upper montane and subalpine 
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elevations. In drier and more disturbed settings, forests give way to shrublands or open stands 

of N. antarctica and A. chilensis (Eskuche 1973; Veblen and Lorenz 1987; Veblen et al. 1996). 

Historical land use and recurrent natural disturbances, especially wildfires, have further shaped 

vegetation mosaics and structural diversity of the Río Puelo watershed (Gowda et al. 2012; 

Kitzberger 2012). 

An overview of the Río Puelo watershed and the study sites included in this dissertation is 

provided in Figure 3.2. More detailed site descriptions, including transect designs and 

measurement setups, are available in the respective case study chapters. 

 

Figure 3.2 Río Puelo watershed including the study areas of the studies included in this dissertation. Figure adapted 
from Fierke et al. (submitted-b). 

3.2 Regional climate 

The climate of the Patagonian Andes is shaped by atmospheric circulation and orographic 

effects, further modulated by large-scale variability and anthropogenic climate change. At its 

foundation, regional climate is governed by the interaction of major circulation systems around 

the Andes: the Southeast Pacific Subtropical Anticyclone (SPSA), which regulates tropical 

rainfall and coastal aridity; the South American Low-Level Jet (SALLJ), which channels 

Amazonian moisture southward; the South Atlantic Subtropical Anticyclone (SASA), 

influencing cloud formation and sea surface temperatures; and the midlatitude westerlies, 

whose storm track delivers the bulk of precipitation to Patagonia (Garreaud et al. 2009; 
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Garreaud et al. 2013). Orographic forcing by the Andes amplifies these processes, producing 

strong east-west climate gradients between the humid slopes of Chile and the dry Argentine 

steppe (Paruelo et al. 1998). 

Climate variability arises through interactions across multiple timescales. At the base are the 

diurnal and seasonal cycles, both driven by solar forcing, which establish the fundamental 

rhythm of temperature and precipitation in the region. The diurnal cycle interacts with intra-

seasonal variability (weeks) primarily through synoptic weather systems (days), as passing 

storms influence daily heating and cooling. The seasonal cycle likewise shapes intra-seasonal 

variability, since the background state of the atmosphere (such as the position and intensity of 

the westerlies) determines how sub-seasonal oscillations unfold. At a broader scale, variability 

on interannual and longer timescales is driven by the El Niño-Southern Oscillation (ENSO), 

the Indian Ocean Dipole (IOD), and the Southern Annular Mode (SAM), which together shape 

year-to-year and decadal climate anomalies (Garreaud et al. 2009; Silvestri and Vera 2009; 

Andrian et al. 2024). These processes are, again, further modulated by orographic forcing from 

the Andes and by land-atmosphere-ocean interactions, which influence how anomalies 

develop, intensify, or persist. Finally, anthropogenic forcing overlays all these natural cycles, 

shifting the baseline around which variability occurs and influencing the frequency of these 

modes (Cai et al. 2020; Mindlin et al. 2020; Mindlin et al. 2021). 

Among the large-scale climate modes, ENSO exerts a strong influence. During El Niño events, 

tropical Pacific warming alters atmospheric circulation via Rossby wave trains, shifting the 

trajectory of the westerlies and storm systems. While this signal is relatively strong further north 

of the study region, its influence weakens toward southern Patagonia, where variability in the 

westerlies and the Southern Annular Mode play a more dominant role (Silvestri and Vera 2009; 

Penalba and Rivera 2016). Still, in parts of northern Patagonia such as Esquel, summer 

precipitation shows a negative relationship with ENSO, with El Niño years tending to be drier 

and La Niña years wetter (Agosta et al. 2020). The IOD, though centered far away, frequently 

co-occurs with ENSO and reinforces its teleconnections (Andrian et al. 2024). The Southern 

Annular Mode (SAM), reflecting shifts in the Southern Hemisphere westerlies, is another key 

driver. During its positive phase, weakened westerlies reduce precipitation over Patagonia, 

whereas during its negative phase, stronger westerlies bring more storms and wetter 

conditions (Silvestri and Vera 2009; Holz et al. 2017; Fogt and Marshall 2020). Importantly, the 

impacts of ENSO and SAM are not stationary but vary over decades, reflecting shifts in 

teleconnection pathways and background climate conditions (Silvestri and Vera 2009). 

Although ENSO’s influence may appear straightforward, its regional impacts are highly 

complex, shaped by event diversity, interactions with other climate modes, and inter-basin 

linkages (Cai et al. 2020). Moreover, ENSO and SAM may also interfere with one another, 

sometimes reinforcing and sometimes offsetting their impacts. For instance, the 2015–2016 El 
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Niño coincided with a positive SAM phase, modifying the expected circulation anomalies and 

weakening the usual precipitation response (Vera and Osman 2018). 

These atmospheric modes translate directly into hydrological impacts. In northern Patagonia, 

variability in ENSO, SAM, and related modes strongly modulates precipitation and snow 

accumulation, which govern streamflow seasonality. Changes in the timing and intensity of 

winter precipitation affect snowpack development, while warming trends accelerate snowmelt 

and reduce summer flows. As a result, river discharge shows pronounced interannual 

fluctuations, with droughts and low-flow periods often amplified beyond the precipitation 

deficits that trigger them (Aguayo et al. 2019). This sensitivity underscores how large-scale 

climate variability and long-term warming combine to shape water availability and ecosystem 

responses within the region (Holz et al. 2017; León-Muñoz et al. 2018). 

Future climate projections highlight both risks and uncertainties. Model simulations 

consistently suggest a poleward shift of the westerlies under greenhouse gas forcing, which is 

associated with a reduction of precipitation in the northern Patagonian Andes. Yet the 

magnitude of this shift depends on remote drivers, particularly tropical Pacific warming and 

polar vortex dynamics (Mindlin et al. 2020; Mindlin et al. 2021). By framing projections in terms 

of these drivers, uncertainties can be narrowed, offering more confidence in anticipating 

regional hazards. Importantly, across different scenarios the signal of drying is robust, with 

most models indicating declining precipitation (Mindlin et al. 2020). These dynamics 

underscore the sensitivity of Patagonia’s hydroclimate to both natural oscillations and future 

global warming, with profound implications for ecosystems, water resources, and human 

activity in the region. 

3.3 Data acquisition 

Studies 2 and 3 were based on empirical microclimatic measurements obtained with 

autonomous sensors (Figure 3.3). Two types of devices were deployed: TOMST TMS-4 

Standard dataloggers for Study 2 and 3 as well as Analog Devices iButton DS1923 Hygrochron 

loggers for Study 2. The TMS-4 Standard is a multi-sensor device designed for ecological field 

applications, equipped with three temperature sensors (MAXIM/DALLAS Semiconductor 

DS7505U+) with a resolution of 0.0625 °C and an accuracy of ±0.5 °C (Wild et al. 2019). It 

records air temperature at 15 cm above the ground, surface temperature at 2 cm above the 

ground, and soil temperature at a depth of 6 cm. In addition, the logger includes a belowground 

soil moisture sensor based on the time-domain transmission principle. Measurements were 

taken every 15 minutes, producing continuous high-resolution time series suitable for 

analysing both seasonal dynamics and short-term extreme events. To minimize bias from 

direct solar radiation, all TMS-4 loggers are equipped with an integrated radiation shield and 

were installed at representative microhabitats across environmental gradients.  
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Additionally, iButton DS1923 Hygrochron loggers (Maxim Integrated) were installed at 2 m 

above the ground. These devices measure humidity with either 8-bit (0.6 % RH) or 12-bit (0.04 

% RH) resolution, and temperature with 8-bit (0.5 °C) or 11-bit (0.0625 °C) resolution, 

achieving an accuracy of ±0.5 °C from -10 °C to +65 °C with software correction (Analog 

Devices, Inc., USA). These sensors were sheltered from sunlight and weather exposure using 

inverted white plastic cups (250 cm³), which served as simple radiation shields. The iButtons 

recorded both air temperature and relative humidity, enabling the analysis of vertical variation 

in thermal and moisture conditions. iButtons are widely used in ecological monitoring because 

of their compact size and low energy consumption. 

 

Figure 3.3 Microclimatic sensors used in Studies 2 and 3. Shown are (from upper left to bottom right): a TOMST 
TMS-4 Standard logger (overview), a TMS-4 Standard logger installed in the field, an iButton DS1923 Hygrochron 
logger (overview), and an iButton logger installed in the field. Photos by Jonas Fierke. 

Together, the two systems enabled the simultaneous characterization of near-ground, soil, and 

above-ground microclimatic conditions. The geographic locations of all sensors are provided 

in Annex Tables A.1 and A.2, while the detailed sampling designs are described in the 

respective publications. 
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4. Study I - Assessing uncertainty in bioclimatic 

modelling: a comparison of two high-resolution 

climate datasets in northern Patagonia 
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Abstract 

Climate change is reshaping forest ecosystems, presenting urgent and complex challenges 

that demand attention. In this context, research that quantifies interactions between climate 

and forests is substantial. However, modelling at a spatial resolution relevant for ecological 

processes presents a significant challenge, especially given the diverse geographical contexts 

in which it is applied. In our study, we aimed to assess the effects of applying CHELSA v.2.1 

and WorldClim v2.1 data on bioclimatic analysis within the Río Puelo catchment area in 

northern Patagonia. To achieve this, we inter-compared and evaluated present and future 

bioclimates, drawing on data from both climate datasets. Our findings underscore substantial 

consistency between both datasets for temperature variables, confirming the reliability of both 

for temperature analysis. However, a strong contrast emerges in precipitation predictions, with 

significant discrepancies highlighted by minimal overlap in bioclimatic classes, particularly in 

steep and elevated terrains. Thus, while CHELSA and WorldClim provide valuable 

temperature data for northern Patagonia, their use for precipitation analysis requires careful 

consideration of their limitations and potential inaccuracies. Nevertheless, our bioclimatic 

analyses of both datasets under different scenarios reveal a uniform decline in mountain 

climates currently occupied by N. pumilio, with projections suggesting a sharp decrease in their 

coverage under future climate scenarios. 

Keywords: Climate change, Regional climate models, Terrain, WorldClim, CHELSA 
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4.1 Introduction 

Climate change poses significant challenges to forest ecosystems, affecting their composition, 

structure, and function. Rising temperatures, shifting precipitation patterns, extreme weather 

events, and hazards such as droughts and wildfires are altering their ecological dynamics. 

These changes can lead to shifts in species distribution and disruptions due to transformed 

ecological processes such as tree establishment and tree mortality (Rodríguez‐Catón et al. 

2016; Srur et al. 2016, 2018; Tovar et al. 2022) along with changing patterns of invasive 

species (Iglesias et al. 2022). Additionally, the loss of glacier-fed rivers and decreased 

snowpack levels impact hydrological regimes, further intensifying stress on ecosystems 

(Aguayo et al. 2019; Rivera et al. 2023).  

Studying the nexus of climate and ecosystems, bioclimatology emerges as a comprehensive 

framework. It explores in depth the intricate relationship between climate variables and 

biological processes, with a particular emphasis on their impact on species and ecosystems. 

This analytical approach integrates climatology, ecology, and biology to understand species 

distribution and interactions in space and time (Saslis-Lagoudakis et al. 2014). Thus, 

bioclimatic analysis can be a basis for biodiversity conservation (Ferrier et al. 2020), future-

oriented forestry management (MacKenzie and Mahony 2021), and enhancing ecosystem 

resilience (Piraino et al. 2022). To effectively address these challenges and capture the 

nuances of small-scale ecological processes, research must be conducted at a relevant spatial 

scale, ensuring the precision needed for detailed bioclimatic insights. 

Nevertheless, modelling at high-resolution presents a significant challenge, especially given 

the diverse geographical contexts in which it is applied. Peripheral mountainous regions, in 

particular, face hurdles due to limited coverage of in-situ observations (Condom et al. 2020; 

Thornton et al. 2022) and their inherent topographic complexity. Access to reliable climate 

information at high resolution for these regions is often challenging. The scarcity of precise and 

localized data restricts the ability to capture the intricate interactions and dynamics of the 

systems under study, thereby introducing significant uncertainties into model outputs. Further, 

limited availability of data complicates the validation and calibration of models, reducing their 

reliability in decision-making processes (Littell et al. 2011; Otto et al. 2016). 

Climatologies at high resolution for the Earth's land surface areas (CHELSA) (Karger et al. 

2017) and WorldClim (Fick and Hijmans 2017a) stand out as proven climate datasets for 

bioclimatic analysis, valued for their high spatial resolution, global coverage, and user-friendly 

accessibility. Both datasets provide researchers with a range of climatic variables crucial for 

understanding ecological processes and environmental changes within bioclimatic analysis 

(Körner et al. 2011; Pesaresi et al. 2017; Pham et al. 2023). Nevertheless, studies in different 

geographical settings have shown that particularly precipitation-related variables may lack 
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reliability and should be examined carefully (Bobrowski and Schickhoff 2017; Bobrowski et al. 

2021; Abdulwahab et al. 2022). Applying and comparing both datasets can thus shed light on 

the specific needs and challenges in accurately modelling a region's ecological and climatic 

dynamics.  

Within the Andes of northern Patagonia, a pronounced precipitation gradient stretches from 

west to east over a relatively short distance, leading to a distinct vegetation productivity 

gradient across the region (Kitzberger et al. 2022). This underscores the importance of 

precipitation-related bioclimatic variables at high resolution for accurately understanding the 

region's complex ecosystem dynamics. However, despite the area's unique terrain and the 

critical role of input data in bioclimatic analysis (Morales‐Barbero and Vega‐Álvarez 2019), 

there is a notable research gap in comparing different datasets for bioclimatic analysis within 

northern Patagonia. The study by Derguy et al. (2022), which compares bioclimatic changes 

based on two local climate models in southern South America, stands as a rare but vital 

exception. However, similar studies are needed to uncover the strengths, limitations, and 

potential biases of various datasets, thereby improving the accuracy and reliability of 

bioclimatic models (Bobrowski and Schickhoff 2017; Abdulwahab et al. 2022). 

In our study, we hypothesized that within the Río Puelo catchment area in northern Patagonia, 

precipitation-related variables would demonstrate greater uncertainty compared to 

temperature-related variables, as observed in other geographical settings. Guided by this 

hypothesis, our primary objective was to assess the impact of using CHELSA and WorldClim 

data on bioclimatic analysis in this region. To do this, we first compared current and future 

bioclimates based on these two distinct climate datasets, conducting an inter-comparison to 

identify any inherent patterns, trends, or discrepancies. Subsequently, we performed a 

comparison against available reference data to contextualize our findings further. This 

approach was designed to provide a comprehensive understanding of the potential 

implications of employing CHELSA and WorldClim data for bioclimatic studies within the Río 

Puelo catchment. 

4.2 Data and methods 

4.2.1 Study area 

The Río Puelo watershed in northern Patagonia, spanning from 41.2° to 42.5° South and 72.2° 

to 71.5° West, crosses the Río Negro and Chubut provinces in the Andes and features diverse 

topography and notable climatic gradients. Precipitation decreases from west to east due to 

the rain shadow of western mountains (Villalba et al. 2003), while an elevation range from 190 

to 3,157 meters affects temperature and precipitation patterns, including snowfall. The area's 

macroclimate is influenced by the Antarctic Oscillation (AAO) and the El Niño-Southern 

Oscillation (ENSO). Dominant vegetation includes Austrocedrus chilensis and N. antarctica, 
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N. dombeyi, and N. pumilio, with certain Nothofagus species at their climatic limit in the east 

(Amigo and Rodríguez-Guitián 2011; Kitzberger et al. 2022). 

 

Figure 4.1 Map of eastern Río Puelo watershed (showing Río Puelo and Lago Puelo exclusively), located at the 
Argentina-Chile border in north-west Patagonia. Topography of the study area is illustrated on basis of the digital 

elevation model SRTM (Farr et al. 2007). 

4.2.2 Study design 

The experimental design of the study (Fig. 4.2) comprises two principal comparative analyses 

based on CHELSA and WorldClim. The first phase involves deriving current and future 

bioclimatic zones for a comparison between both data sources, which aims to identify intrinsic 

patterns, trends, or discrepancies between both datasets that are then framed as different 

types of uncertainty. In the initial phase of our study, we leverage climate, species, and 

elevation data to delineate bioclimatic zones. This process is critical for identifying areas with 

distinct climate characteristics that influence local vegetation patterns. In the second phase, 

historical data from CHELSA and WorldClim, alongside meteorological station data, are 

applied in a validation to contextualize and the findings of the first phase. Collectively, these 

comparative phases constitute a comparative framework for examining the applied climate 

datasets. 
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Figure 4.2 Comparative framework for assessing bioclimatic modelling uncertainty using historical and future 
climate data, as well as species, elevation, and meteorological station data. Where grey boxes represent the data 

input as well as the bioclimatic pre-analysis and coloured boxes represent the two validation phases. 

4.2.3 Elevation data 

We used the digital elevation model of the Shuttle Radar Topography Mission (SRTM) at a 

spatial resolution of 1 arc second which corresponds to approximately 28 meters within the 

study area (Farr et al. 2007).  

4.2.4 Historical climate data 

For both evaluation processes (Fig. 4.2), we investigated the climate datasets of WorldClim 

v2.1 and CHELSA v2.1. These are publicly available, easily accessible, and of high spatial 

resolution (required to capture altitudinal layers of vegetation). Due to these advantageous 

properties, both datasets are widely used - highly cited within Clarivate Web of Science - and 

applied in ecological research (e.g., Fuentes-Castillo et al. 2020), hydrological modelling (e.g., 

Oliveira-Júnior et al. 2021), as well as studies related to agriculture and forestry (e.g., Barrueto 

et al. 2018; Fadrique et al. 2018). This widespread use underscores the significance and the 

comprehensive nature of the datasets in ecological modelling. Nevertheless, it should be 

mentioned that other high-resolution datasets and attempts to correct the datasets exist (Beck 

et al. 2020). However, within the scope of our study, we specifically concentrate on two 

datasets that have extensively been applied within our area of investigation. 

CHELSA V.2.1 is a gridded climate dataset with a 30 arc-second resolution (~0.8 km for the 

study area), covering monthly temperature and precipitation from 1979 to 2013. It uses ERA-

Interim climatic reanalysis, with a temperature algorithm based on statistical downscaling and 

a precipitation algorithm considering orographic factors, corrected using Global Precipitation 

Climatology Centre (GPCC) and Global Historical Climatology Network (GHCN) data. Topo-

climatic effects are covered through integration of Global Multi-resolution Terrain Elevation 

Data (GMTED2010) (Karger et al. 2017, 2021). WorldClim 2, similarly at 30 arc-second 

resolution, provides a 30-year average of temperature and precipitation from 1970 to 2000, 
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based on weather station data interpolated with elevation (SRTM), coastline proximity, and 

satellite parameters, including land surface temperatures and cloud cover from MODIS (Fick 

and Hijmans 2017a). 

Next to gridded climate data, and as an integral part of the validation (Fig. 4.2), meteorological 

station data (Fig. 4.1) for El Bolsón (41.9°S; 71.5°W at 343 m.a.s.l.), Río Villegas (41.6°S; 

71.5°W at 526 m.a.s.l.), a location west of El Bolsón (hereafter referred to as Río Azul [41.9°S; 

71.6°W at 347 m.a.s.l.]), as well as two locations in the valley of Río Manso (hereafter referred 

to as Río Manso Inferior [41.6°S; 71.8°W at 439 m.a.s.l.] and Río Manso Confluencia [41.6°S; 

71.7°W at 455 m.a.s.l.]) was retrieved from Servicio Meteorológico Nacional (2023) and 

Sistema Nacional de Información Hídrica (2023). In order to function as a source of validation 

for high-resolution climate datasets, only station data with available timeseries from 1990 until 

2018 was chosen. With the exception of El Bolsón, only data concerning precipitation was 

accessible for the remaining stations.  

4.2.5 Future climate data 

Building on the pre-selection by Karger et al. (2017), grounded in the Intersectoral Impact 

Model Intercomparison Project (ISIMIP) (Lange 2021), and considering the constrained 

overlap between CHELSA and WorldClim, our analysis was narrowed to a suite of five readily 

available climate models and two Shared Socioeconomic Pathways (SSP). Specifically, we 

utilized the pathways SSP1-2.6 and SSP3-7.0 as well as the climate models GFDL-ESM4, 

MRI-ESM2-0, UKESM1-0-LL, IPSL-CM6A-LR, and MPI-ESM1-2-HR, all of which are based 

on CMIP6. The scenario SSP1-2.6 with 2.6 Wm-² by the year 2100 is comparable to the 

optimistic scenario RCP2.6 and was designed with the aim of simulating a development that 

is comparable to the 2 °C target, according to the Paris Agreement (UNFCCC 2015). This 

scenario, too, assumes climate protection measures being taken. The Scenario SSP3-7.0 with 

7 Wm-² by the year 2100 is located in the upper-middle part of the full range of scenarios. It 

was newly introduced after the RCP scenarios, closing the gap between RCP6.0 and RCP8.5 

(O'Neill et al. 2016). CHELSA and WorldClim data differ in timescales, with CHELSA using 30-

year intervals (2011-2040, 2041-2070, 2071-2100) and WorldClim using 20-year intervals 

(2021-2040, 2041-2060, 2061-2080, and 2081-2100). 

4.2.6 Species data 

To identify the best data source for establishing vegetation-relevant bioclimatic zones, we 

extracted occurrence data from the Global Biodiversity Information Facility (GBIF.org 2021) 

based on the key natural tree species in northern Patagonia: A. chilensis, N. antarctica, N. 

dombeyi, and N. pumilio. Within the process, only species occurrences within the Patagonia 

region were selected. Thus, anthropogenic distributions (e.g., from botanical gardens) were 

excluded. Simultaneously, we analysed the updated Forest Type Classification of Andean 



 
43 

 

Patagonia of the year 2016 which is based on field and remote sensing data (CIEFAP-MAyDS 

2016). Out of three available classification levels, level two, which classifies the main forest 

types within the study area, was used within the present study (Supplementary Fig. 1). 

According to the authors, the second classification level comes with an overall accuracy of 

87%.  

4.2.7 Bioclimatic analysis 

Bioclimates of both high-resolution climate datasets were calculated based on the World Wide 

Bioclimatic Classification System (WBCS) of Rivas-Martínez et al. (2011). The classification 

system integrates both moisture levels and temperature conditions to define distinct bioclimatic 

classes, essential for understanding various ecosystems and climatic impacts (Torregrosa et 

al. 2013; Rodríguez‐Catón et al. 2016; Pesaresi et al. 2017; Del Arco Aguilar and Rodríguez 

Delgado 2018; Andrade and Contente 2020; Cutini et al. 2021; Szabó et al. 2021). On one 

side, it categorizes climates into ombric types based on the ombrothermic index (Io), indicating 

moisture availability with classifications such as Arid, Semiarid, and Dry, each specified further 

into 'lower' and 'upper' horizons based on Io value ranges (Table 4.1). On the other side, it 

details thermotypic classifications through the thermotypic index (Tp), delineating temperature-

based categories like Supramediterranean, Oromediterranean, and Crioromediterranean, 

again divided into 'lower' and 'upper' horizons based on Tp value ranges (Table 4.1): 

Where Tp is ∑ 𝑇𝑖1−12 > 0°𝐶 in tenths of degrees;  

Pp is the positive annual precipitation of the months with an average monthly temperature (Ti) 

higher than 0°C;  

and Io is (
𝑃𝑝

𝑇𝑝
)  10.  

This dual approach allows for a comprehensive understanding of climatic conditions, offering 

insights into the suitability of regions for different types of vegetation, agriculture, and habitat 

sustainability. All bioclimates were calculated using “raster” in RStudio (Hijmans 2023). Since 

mountains represent altitudinal thermic variations, classification of macro-bioclimate 

(submediterranean) was elaborated through temperature and precipitation values of the valley 

floors considering the macro-climate of the nearest listed station (Esquel; 42.9°S; 71.2°W at 

815 m.a.s.l.) according to Rivas-Martínez et al. (2011). As such, the site is located at the border 

to a temperate macro-bioclimate (west) and thus classified as “extremely strong 

submediterranean” climate (submediterraneity index of El Bolsón = 539) of a balanced oceanic 

type (simple continentality index of El Bolsón = 14.21) (Rivas-Martínez et al. 2011; Servicio 

Meteorológico Nacional 2023). 

Based on the bioclimatic classification, we derived four bioclimatic zones (A, B, C, and D) in 

relation to the four primary tree species (A. chilensis, N. antarctica, N. dombeyi, and N. pumilio) 
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for both climate datasets (Fig. 4.3). Each zone encompasses the primary bioclimates (more 

than 5% of occurrence) associated with a dominant tree species. Hence, in order to determine 

a bioclimatic zone, occurrence data of a species was layered with our previously created 

bioclimatic classification and then filtered by all encompassed bioclimatic classes that have a 

share greater than 5%. Due to the very low amount of available species data within the 

investigation area (cf. GBIF.org 2021), base data for tree species distribution was adopted 

from the available forest classification product of CIEFAP-MAyDS (2016).  

In order to model bioclimatic projections, different scenarios and timescales were calculated 

based on the above mentioned SSPs and CMIP6 models. For this purpose, an altitudinal level 

of 1,800 m.a.s.l. was set to restrict potential upshifting of habitat-specific species pools above 

bare rock terrain without natural soil, where the establishment of natural subalpine N. pumilio 

forest can be excluded. Within this study, relative cover is defined as factor of change and can 

be explained as the proportion (in percent) of a bioclimatic zone in reference to the total area 

of the eastern Río Puelo watershed. For each projection, points of origin are the reference 

periods of CHELSA (1981-2010) and WorldClim (1970-2000). Projections were individually 

calculated for each GCM and SSP. 

4.2.8 Comparison between data sources 

In the first step of the comparison between data sources, we used linear regression analysis 

(Lumley 2020) to explore uncertainties linked to our bioclimatic classification, focusing on the 

impact of various predictor variables, including 19 bioclimatic factors (Supplementary Table 1) 

from Brun et al. (2022) and Fick and Hijmans (2017a), on forest distribution. This aimed to test 

our zonation's explanatory power to variations arising from different species datasets. The 

analysis, utilizing data from CIEFAP-MAyDS (2016) and GBIF.org (2021), sought to pinpoint 

the most suitable input data for bioclimatic zonation and evaluate the explanatory power and 

associated uncertainties of the WBCS in our study area. 

In the second step of the comparison between data sources, a descriptive analysis of 

distribution patterns, using “ggridges” (Wilke 2022), served as support to identify variable-

related uncertainties in regard to ombric and thermotypic horizons. This visualization tool offers 

good capabilities for visualizing changes in distribution over time and space. To better 

understand variability of means and extremes of both variables, the 0.1, 0.5 as well as the 0.9 

quantile were retrieved for each period, SSP, GCM and high-resolution climate dataset. Since 

a considerable amount of ground-based data for validation and prioritisation of climate 

datasets was missing, we considered the disagreement between CHELSA and WorldClim as 

a way to quantify spatial consistency regarding the precipitation and temperature related 

variables (annual ombrothermic index and positive annual temperature).  
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In the third step, we assessed terrain-related uncertainty by measuring the percentage of non-

intersecting pixels between CHELSA and WorldClim datasets regarding ombric horizons, 

thermotypic horizons, and bioclimates. We evaluated each cell for overlaps across these data 

sets and criteria. Non-intersecting pixels indicated higher uncertainty. To analyze 

topographical characteristics of cells without intersection, we utilized SRTM-DEM for slope and 

elevation data. Spatial analyses were conducted in RStudio using “rgdal” (Bivand et al. 2023), 

“raster” (Hijmans 2023), and “sf” (Pebesma 2018; Pebesma and Bivand 2023) tools, based on 

EPSG:22181. 

In the last step of the comparison between data sources, we compared future scenarios of 

both climate datasets as they were calculated by the bioclimatic analysis in the first place 

(section 2.6). This step unveiled the scenario-related uncertainty due to the application of 

different GCMs and SSPs. The subject of the comparison are the bioclimatic zones A, B, C, 

and D, as well as their relative coverage degree. 

4.2.9 Validation of data sources 

In a second step of our framework (Fig. 4.2), we identified spatiotemporal inaccuracy in climate 

data as deviations over time (months) or across locations (from west to east) through a 

validation of both datasets. This inaccuracy is measured by the relative precipitation or 

absolute temperature differences between high-resolution climate datasets and meteorological 

station data. Since station data was limited to a common reference period starting from 1980, 

a validation period from 1980 to 2010 was used to validate CHELSA and WorldClim datasets, 

which cover the periods 1981-2010 and 1970-2000, respectively. Spatiotemporal inaccuracy 

assessments focused on temperature and precipitation for El Bolsón, and precipitation only for 

Río Azul, Río Villegas, Río Manso Confluencia, and Río Manso Inferior due to data limitations. 

4.3 Results 

4.3.1 Bioclimatic analysis 

Our bioclimatic analysis revealed differing categories between CHELSA and WorldClim 

datasets (Fig. 4.3 a and b). CHELSA spans from lower arid and lower-supramediterranean to 

upper humid and lower crioromediterranean, whereas WorldClim covers a narrower range, 

from lower arid and lower-supramediterranean to lower dry and lower crioromediterranean. 

Variations in thermotypic horizons are represented by different colors, and ombric horizons by 

color intensity. WorldClim data, indicated by lower overall color intensity, shows fewer wet end 

scale bioclimates (compare Table 1). Despite these differences, there is substantial overlap in 

the supramediterranean zone, highlighted by red and yellow categories. 
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Figure 4.3 The bioclimatic zones of the eastern Río Puelo watershed, analysed using two key datasets: CHELSA, 
with data averaged from 1981 to 2010 (Karger et al. 2021), and WorldClim, with averages from 1970 to 2000 (Fick 
and Hijmans 2017a). Each dataset categorizes the region’s ombric and thermotypic horizons, ranging from arid to 
humid and from lower supramediterranean to lower crioromediterranean, respectively. Visual differentiation is 
achieved through varying colour intensities, indicating moisture variations. Additionally, the figure marks bioclimatic 
zones A through D, representing species and showing their bioclimates and relative cover percentages across 
these environmental gradients. 

Further clarification of these patterns is provided by examining the bioclimatic zones, as 

illustrated in Fig. 4.4 c (1981-2010 average of CHELSA) and Fig. 4.4 d (1970-2000 average of 

WorldClim). As previously stated, the bioclimatic classification based on CHELSA data is more 

diversified compared to that derived from WorldClim data, leading to similarly diverse 

bioclimatic zones. In either case, all, or most of the upper oromediterranean as well as the 

lower crioromediterranean bioclimates are dedicated to zone D, where N. pumilio is 

predominant. Due to a low cover of natural forests in the low-lying areas south of El Bolsón, 

bioclimates of a supramediterranean character are almost non-existent within the present 

zonation. Finally, yet importantly, a large overlap of bioclimates between zone B and C 

(CHELSA) and zone A, B, and C (WorldClim) can be noticed.  
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Table 4.1 Ranges of the annual ombrothermic index (IO) and the annual positive temperature in tenth degrees (Tp) 
that determine ombric and thermotypic horizons within the study area (in reference to Fig. 4.2). 

Ombric types ID Horizon Io 

Arid 
1 lower 0.41-0.70 

2 upper 0.71-1.00 

Semiarid 
3 lower 1.01-1.50 

4 upper 1.51-2.00 

Dry 
5 lower 2.01-2.80 

6 upper 2.81-3.60 

Subhumid 
7 lower 3.61-4.80 

8 upper 4.81-6.00 

Humid 
9 lower 6.01-9.00 

10 upper 9.01-12.00 

Thermotypes ID Horizon Tp 

Supramediterranean 
1 lower 1,201-1,500 

2 upper 901-1,200 

Oromediterranean 
3 lower 676-900 

4 upper 451-675 

Crioromediterranean 
5 lower 101-450 

- - - 

 

4.3.2 Classification-related uncertainty 

Analysing classification-related uncertainty, we found varying determination coefficients 

across datasets and bioclimatic indices, underlining how species and climate data choices 

affect bioclimatic zoning. Coefficients ranged from low (0.10 with GBIF and WorldClim) to 

moderate (0.50 with CIEFAP-MAyDS and WorldClim) across species datasets (GBIF, 

CIEFAP-MAyDS), climate datasets (CHELSA, WorldClim), and classification indices (annual 

ombrothermic index, annual positive temperature). Significant correlations with species 

distribution were found for both indices using CIEFAP-MAyDS data, but only for the annual 

ombrothermic index with GBIF data. Linear model fitting indicated improved results with more 

predictor variables (Supplementary Fig. 2 and 3), highlighting the significant impact of input 

data on bioclimatic zones. 

4.3.3 Future bioclimates and variable-related uncertainty 

Analysing variable-related uncertainty reveals distinct patterns in current and future 

precipitation and temperature distributions (Fig. 4.4), highlighting pronounced contrasts 

between CHELSA and WorldClim data (Supplementary Table 2 and 3). The most conspicuous 

appearance is the contrast of the precipitation related variable between CHELSA (Fig. 4.4 a, 

c, e) and WorldClim (Fig. 4.4 g, i, k). Whereas a value of 2.5 (Io) is at the 0.5 quantile of 

CHELSA data, a value of 2.5 (Io) is beyond the 0.9 quantile of WorldClim data. This explains 

the substantial differences between both datasets regarding the determination of ombric 

horizons. Instead, distributions of temperature-related variables are more similar to each other. 

In regard to future conditions, lower (0.1) and upper (0.9) quantiles for all scenarios show a 

shift to warmer and dryer bioclimates. Within the WorldClim dataset, strong variations 

regarding the precipitation related variable can be seen between UKESM1-00-LL (Fig 4.4. i) 

and the other two GCMs (Fig 4.4. g and k). Especially for the SSP3-7.0 scenario at the end of 
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the century, range between the 0.1 and the 0.9 quantile is relatively small in case of the 

UKESM1-00-LL GCM (i, SSP3-7.0 2081-2100). 

 

Figure 4.4 Current and future densities of the annual ombrothermic index (Io) and the positive annual temperature 
(Tp) with marked quantiles (0.1, 0.5, and 0.9) for CHELSA (a-j) and WorldClim (k-t) under different shared 
socioeconomic pathways (blue for SSP1-2.6 and red for SSP3-7.0) and on basis of different global climate models. 

4.3.4 Terrain-related uncertainty 

Terrain-related uncertainty analysis showed varying intersection levels between ombric and 

thermotypic horizons across datasets for reference periods, influenced by elevation and slope. 

Ombric horizons had a low 11% intersection, while thermotypic horizons showed a 62% 

intersection (Fig. 4.5 and Supplementary Fig. 4). Higher intersections for ombric horizons were 

generally below 600 meters above sea level (m.a.s.l.) with slopes under 10°, despite some 

outliers. Thermotypic horizon intersections were mainly below 800 m.a.s.l., with exceptions. 

Regarding the overall bioclimatic classification (Fig. 4.5 c), higher intersections were noted 
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along Río Azul (label 1), Río Foyel (label 2), Río Manso (label 3), and the areas around Lago 

Puelo and Lago Epuyén (label 4), while lower intersections were found in the Río Turbio 

catchment area (label 5), in narrow valleys of tributary streams (label 6), as well as around 

Lago Marscardi, Lago Giullelmo, and Lago Fonck (label 7). 

 

Figure 4.5 Spatial intersection between a) thermotypic horizons, b) ombric horizons, and c) bioclimates based on 
reference periods of CHELSA and WorldClim. Where red pixels are without and blue pixels are with intersection 
between both datasets. Marks of c) represent points of reference for specific areas with (transparent) and without 
(hatched) intersection of the overall bioclimatic classification. 

4.3.5 Future bioclimates and scenario-related uncertainty 

In examining the scenario-related uncertainty inherent in the projected impacts on bioclimates, 

our analysis demonstrates the multifaceted declines and shifts in the near and distant future. 

Overall, the datasets from both CHELSA and WorldClim demonstrate a notable variability in 

the reference periods as well as projected future bioclimatic cover, revealing trends where 

certain bioclimatic zones are expected to experience increases, while others may face declines 

(Fig. 4.6). These trends are not uniform but rather vary significantly across different models 

and scenarios (e.g., SSP3-7.0 for UKESM1-0-LL and all other models), highlighting the 

nuanced responses of bioclimates to changing climatic conditions. The evident discrepancies 

between the projections of CHELSA and WorldClim underscore the inherent uncertainties 

within climate impact models based on input data, thus warranting a careful and cautious 

interpretation of future bioclimatic trends. However, despite the variability, results from all 

projections consistently indicate a pronounced decline in the bioclimates of zone D. This zone 

is associated with the upper orobiome, where N. pumilio predominates (see Fig. 4.3). Zone D 

inhabits oro- and to some extent crioromediterranean bioclimates and can thus be classified 

as a bioclimatic segment of a typical mountain biome (Rivas-Martínez et al. 2011). Hence, a 

strong areal decrease can be attributed to an upward shift of the limit of Tp and an expansion 

limit at the upper orographic or rather edaphic tree line, where rocky habitats and lacking soil 

prevent the establishment of native subalpine N. pumilio ecosystems. This trend is particularly 

strong for scenarios based on the global climate model UKESM1-0-LL, where zone D shrinks 
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to 28.5% (WorldClim) and 25.1% (CHELSA) under SSP1-2.6 respectively 1.3% (WorldClim) 

and 0.8% (CHELSA) under SSP3-7.0.  

 

Figure 4.6 Potential development of bioclimatic zones under different scenarios with reference to main tree species 
based on CHELSA and WorldClim climate data. Where CHELSA is marked by solid lines and WorldClim by dashed 
lines. 

4.3.6 Spatiotemporal inaccuracy 

Figure 4.7 shows the analysis of spatiotemporal inaccuracies showing differences between 

gridded climate datasets and meteorological station observations, particularly for precipitation. 

The analysis expands along a west-to-east gradient (Fig. 4.7, a to c) and includes two stations 

in the central area (Fig. 4.7, d to f). Across this gradient, gridded datasets often overestimate 

monthly precipitation compared to stations, with varying degrees of accuracy. Specifically, Río 

Manso Inferior and Río Villegas data consistently show higher precipitation in gridded datasets 

year-round with a mean Mean Absolute Error (MAE) of 24.28% for CHELSA and 37.29% for 

WorldClim at the first and mean MAE of 47.44% for CHELSA and 19.85% for WorldClim at the 

latter. At Río Manso Confluencia, station data typically exceeds gridded estimates except in 

March, July, and September with a mean MAE of 14.32% for CHELSA and 21.09% for 

Worldclim. At Río Azul, underestimations are common, except in specific months like March 

and July. Here, mean MAE is only 6.80% for CHELSA and 17.81% for WorldClim. El Bolsón 

Airport's data shows no consistent trend, with notable overestimation by WorldClim in July and 

a mean MAE of only 4.78 for CHELSA and 15.56% for WorldClim. Temperature analysis for 
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El Bolsón reveals closer alignment in late autumn and winter, though gridded datasets tend to 

underestimate, with some exceptions. Overall, variability and inconsistencies across months 

and years prevent a definitive judgment on the datasets relative reliability. 

 

Figure 4.7 Comparative analysis of monthly relative precipitation and temperature estimates by gridded climate 
data across five locations. Panels (a to e) show the monthly relative precipitation measured by station data (black 
line) and estimated by CHELSA (blue) and WorldClim (red), highlighting the variability and patterns of over- or 
underestimation of the datasets across a west-to-east precipitation gradient (a to c) as well as two stations located 
in the centre of the investigation area (d and e). Panel (f) presents a comparison of monthly temperature records of 
the station with estimates of the gridded datasets, demonstrating seasonal alignment and deviations. 

4.4 Discussion 

In this study, we combined bioclimatic modelling with a comparison of two widely used high-

resolution climate datasets. Our aim was to study the current and future bioclimatological 

conditions of an area that is characterized by complex topography, diverse structure of 

mountain climates, and limited data availability. Due to climatic data limitations, we focused on 

evaluating several types of uncertainty and inaccuracy that come along with the application of 

WorldClim and CHELSA. 

4.4.1 Comparison of CHELSA and WorldClim 

As expected, the comparison between CHELSA and WorldClim, in regard to temperature-

related variables, reveals broad consistency. Both bioclimatic classifications show substantial 
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overlaps, especially in the low-lying sections of the investigation area, below 800 m.a.s.l. 

Current and future temperature densities are similar for the reference periods, as well as for 

all scenarios. Therefore, our findings are consistent with those of Bobrowski and Schickhoff 

(2017), that found high consistency between temperature-related variables of CHELSA and 

WorldClim in the Himalayas. Furthermore, the results of the validation show that discrepancies 

between both gridded climate datasets and station data are rather marginal. However, there 

are some qualitative differences between seasons, and accuracy for both datasets is higher 

from May to September.  

The perspective changes markedly with respect to precipitation-related variables. In this case, 

only 11% of the classes overlap when both climate datasets are compared independently of 

external reference data. Moreover, this overlap approaches zero in areas characterized by 

steep slopes (approximately above 10°) and higher elevations (approximately above 600 

m.a.s.l.). The densities of current and future precipitation show wide variations for the reference 

periods and individual scenarios, with CHELSA's estimates in precipitation significantly 

exceeding those of WorldClim. The selection of a wide range of GCMs is crucial, as 

demonstrated by the significant differences observed between the models used in this study 

(e.g., UKESM1-0-LL in comparison with all other models). This discrepancy is further 

confirmed by validating the estimates against station data, which reveals marked monthly 

fluctuations in both over- and underestimation, along with significant interannual variability. It 

is crucial, however, to approach these results with caution, as the rain gauges at the stations 

(mostly tipping buckets) are known to underestimate precipitation during snowfall 

(Kochendorfer et al. 2020). Despite these limitations, the findings are consistent with those 

reported in the study by Morales‐Barbero and Vega‐Álvarez (2019), which identified large 

discrepancies between climate datasets in mountainous regions on a global scale. Similarly, 

Bobrowski et al. (2021) highlight the potential drawbacks of using CHELSA and WorldClim 

data for ecological modelling in remote areas of the Himalayas, primarily due to major 

differences in precipitation-related variables. As stated previously, within the eastern Río Puelo 

watershed, the notable inconsistency between the datasets can be attributed to CHELSA data 

indicating higher precipitation levels, in contrast to WorldClim data, which shows lower levels. 

This observation is in line with the findings of Bobrowski et al. (2021). The appearance of 

precipitation related over- and underestimation was also perceived by Newell et al. (2022) for 

complex topography with low density of meteorological stations in northern Peru. In this 

respect, our study confirms the findings of lower accuracy of precipitation-related variables 

compared to temperature-related variables derived from high-resolution climate data as stated 

by Fick and Hijmans (2017a), Karger et al. (2017), and Beck et al. (2020). This is warranted 

by local terrain conditions and wind patterns that significantly influence small-scale 

atmospheric processes, making them largely independent of latitude or altitude (Bobrowski 
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and Schickhoff 2017). Hence, estimating precipitation in remote and complex terrains, as given 

by the Río Puelo watershed, remains a significant challenge. Moreover, the underlying CMIP6 

models generally struggle with accurately representing the spatial patterns of precipitation in 

Patagonia, as indicated by Gateño et al. (2024) and Salazar et al. (2024). However, the models 

pre-selected by Karger et al. (2017) perform relatively well in northern Patagonia, according to 

a comparative study by Salazar et al. (2024). 

In summary, while CHELSA and WorldClim provide valuable temperature data for northern 

Patagonia, their use for precipitation analysis requires careful consideration of their limitations 

and potential inaccuracies. Practitioners and researchers should prioritize dataset validation 

with local observations and remain cautious of seasonal and topographical factors that may 

influence data reliability. Furthermore, future studies could benefit from utilizing probabilistic 

meteorological datasets, such as EM-Earth. These datasets typically outperform deterministic 

ones in regions with complex topography and significant uncertainties due to sparse 

measurements. They may not only offer a better understanding of uncertainty but also provide 

a more accurate representation of extremes (Tang et al. 2022). 

4.4.2 Bioclimatic analysis 

Concerning bioclimatic analysis, we found a strong decline in mountain climates that are 

currently occupied by N. pumilio. This decline is particularly strong for SSP3-7.0 scenarios, 

where projections show a decrease to 15% and less of relative cover by end of the century. 

Our study is thus in line with Tovar et al. (2022), indicating a decrease of Temperate deciduous 

forests in the Andes. A decline in unique bioclimates of mountainous areas can be explained 

by the interaction of changing climate and an upper altitudinal limit. This has been observed in 

other geographies (Zomer et al. 2014) and is closely linked to complex topographies. There is 

robust evidence that global warming will lead to an upward shift of bioclimatic zones, 

consequently posing a risk of range contraction and extinction for species inhabiting 

mountainous regions (Adler et al. 2023). Overall, the future climate of northern Patagonia is 

expected to be warmer and drier (Gateño et al. 2024; Salazar et al. 2024), with critical impacts 

on water resources (Aguayo et al. 2019; Pessacg et al. 2020) and corresponding impacts on 

regional ecosystems.  

4.4.3 Implications for regional ecosystems 

Despite assessed uncertainties, our study reveals consistent bioclimatic trends across both 

climate data sets and different scenarios. These are especially evident regarding exposures 

of oro- and crioromediterranean climates and shed light on the future of N. pumilio forests 

(Supplementary Fig. 5) under a changing climate in northern Patagonia.  

Northern Patagonian forests with a predominance of evergreen species such as N. dombeyi 

and A. chilensis, change to N. pumilio-dominated Subantarctic-Andean deciduous forests 
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(Adenocaulo-Nothofagetalia pumilionis Oberd. 1960 em. Hildebrand-Vogel, Godoy & Vogel 

1990 [Nothofagetea pumilionis-antarcticae Oberd. 1960]) above certain altitudes. This 

vegetation shift indicates a division into different altitudinal zones, each characterised by 

specific plant communities whose life forms and species composition differ significantly 

(Cagnacci et al. 2020; Aschero et al. 2022). Biotic exchange by the invasion of non-native 

species such as Pinus contorta (Supplementary Fig. 6 and 7) poses a significant ecological 

threat to ecosystems of oro- and crioromediterranean climates (cf. Sala et al. 2000), particularly 

above the treeline of N. pumilio, altering fire dynamics and threatening native ecosystems 

(Raffaele et al. 2016). Since fire is a current and most likely amplified future threat (Kitzberger 

et al. 2022), “new forests”, “higher timberline”, “timber production at higher altitudes”, etc. 

cannot be considered strong “restoration” arguments.  

Longitudinally, vegetation types below the subalpine level change less discriminatory and more 

ecotonal, with deciduous forests (Myrceugenio-Nothofagetum dombeyi Eskuche 1999), mixed 

forests (Austrocedro-Nothofagetum dombeyi Eskuche 1968) and coniferous forests (Gavileo-

Austrocedretum Eskuche 1968) showing overlapping species compositions. This is in line with 

our study indicating a large overlap between bioclimates of zone B (N. dombeyi) and C (N. 

antarctica) but a relative distinction between zone A (A. chilensis) and B (N. dombeyi) as well 

as D (N. pumilio) from zone A (A. chilensis), B (N. dombeyi), and C (N. antarctica). However, 

even though our classification results show a minimal overlap between zone A (A. chilensis) 

and C (N. antarctica), a combination of both species can usually be observed in the succession 

process of the lower slopes or valley bottoms. This continuum suggests a complex interaction 

amongst forest types, potentially offering resilience against disturbances like wildfires. 

However, future climate change may challenge this balance, with N. dombeyi and A. chilensis 

showing differing moisture preferences (Veblen 2007) and the potential for range contractions 

under changing climatic conditions.  

4.4.4 Limitations and further research 

While our study did not focus on future species coverage projections, it signals potential risks 

to species like N. pumilio. In this respect, future studies should explore how species respond 

to climate change, including the impact of climate extremes on ecosystem disturbances. 

Understanding the bioclimatology of Wintero-Nothofagetea species and climate change effects 

on their viability is crucial for informed forest management. We advocate for maintaining and 

expanding meteorological monitoring to enhance climatology data accuracy, and the 

improvement of gridded climate datasets, as seen in Beck et al. (2020). Our findings also 

suggest that bioclimatic projections could lead to divergent adaptation strategies. Following 

Gregor et al. (2022), it's important to tailor climate-smart forestry to specific scenarios. For 

these reasons, we recommend using our data to foster local dialogue and workshops, 

improving regional decision-making with expert insights into adaptation strategies and 
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embracing a transdisciplinary approach to unite various knowledge systems for better climate 

understanding and decision-making, as discussed by Bremer et al. (2019) and Moure et al. 

(2023).  

4.5 Conclusion 

Our study investigates the bioclimatological conditions of northern Patagonia, facing complex 

topography and sparse data, through a comparative analysis of high-resolution climate 

datasets CHELSA v2.1 and WorldClim v.2.1. Our findings underscore substantial consistency 

between these datasets for temperature variables, confirming the reliability of both for 

temperature analysis. However, a strong contrast emerges in precipitation estimates, with 

significant discrepancies highlighted by minimal overlap in bioclimatic classes, particularly in 

steep and elevated terrains. Such variations underscore the challenges of accurately modelling 

precipitation in mountainous regions, where local topography and wind patterns play crucial 

roles. Thus, the study highlights the importance of a comparison between different data 

sources and validations against ground-based data and the careful consideration of 

precipitation-related variables in bioclimatic modelling within the Río Puelo watershed. 

However, despite the differences of the applied climate datasets, our bioclimatic analysis 

reveals a concerning decline in mountain climates suitable for N. pumilio, with projections 

suggesting a sharp decrease in their coverage under future climate scenarios. This 

demonstrates that, despite the detected uncertainties, it is possible to identify vulnerable 

bioclimatic zones within the Río Puelo watershed based on CHELSA and WorldClim data. 
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Abstract 

Information on microclimatic conditions beneath canopies is key to understanding small-scale 

ecological processes, especially concerning the response of biodiversity to climate change. In 

north-western Patagonia, where data on climate-driven species distribution are scarce, our 

study provides valuable insights by providing microclimatic models covering spatiotemporal 

dynamics at 30 × 30 m resolution. Applying in-situ data from 2022 to 2024, we employed a 

random forest-based regression to assess the impact of several biophysical predictor variables 

describing terrain and vegetation properties on four microclimatic response variables at three 

vertical levels within forests. We also interpolated this data spatiotemporally, using statistical 

downscaling of ERA5 data. Our analysis reveals that the influence of the predictor variables 

varies strongly by month and response variable. Moreover, significant variability was observed 

between the models and months regarding their explanatory power and error range. For 

instance, the model predicting maximum air temperature at 2 m height achieved an R² of 0.88 

and an RMSE of 1.5 °C, while the model for minimum air temperature resulted in an R² of 0.73 

and an RMSE of 1.8 °C. Our model approach provides a benchmark for spatiotemporal 

projections in this data-scarce region, aligned with the climate normal from 1981 to 2010. 

Future refinement could benefit from data on snow cover, land use and land cover, soil, as well 

as structural information on vegetation over an extended period, to enhance the dynamical 

aspects of microclimatic modelling. We are confident that our present model will substantially 

enhance possibilities to analyse species distribution across vegetation types and terrain-

related features within the area. 

Keywords: Random forest-based regression, Remote sensing, Microclimate, Forests, 

Statistical downscaling  
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5.1 Introduction 

Small-scale variations in temperature, humidity, and soil moisture significantly influence forest 

ecosystems, affecting biological and biochemical functions. These microclimatic conditions 

impact the distribution and persistence of understory species by influencing their physiological 

traits and adaptation strategies (Geiger et al. 2009). Additionally, microclimate drives nutrient 

cycling, notably through its effects on litter decomposition (Coûteaux et al. 1995) and soil 

organic matter turnover (Conant et al. 2011). The microclimate within a forest, such as the 

thermal environment, affects various aspects of understory plant dynamics, including growth 

rates, photosynthetic activity, and interspecific competition (Geiger et al. 2009; Vinod et al. 

2023).  

Forest microclimate results from interactions between terrain, vegetation, and macroclimate. 

Terrain affects factors like sunlight exposure and drainage, causing temperature and moisture 

variations in small areas (Barry 2008a; Aalto et al. 2017). Vegetation, through canopy density 

and type, regulates solar radiation and transpiration, creating diverse conditions below 

(Hardwick et al. 2015; Barry and Blanken 2016). Macroclimate establishes broader 

environmental conditions that influence these microclimates at both regional and local scales 

(De Frenne et al. 2021). The resulting mosaic of microclimates shapes ecological processes 

and species distributions. Climate change will likely alter microclimatic buffering, highlighting 

the need for research to understand its effects on ecosystem resilience (Maclean et al. 2015; 

Lenoir et al. 2017; Zellweger et al. 2020; De Frenne et al. 2021; Lombaerde et al. 2022). 

Understanding these interactions is essential for managing habitats and refugia, thereby 

conserving biodiversity (Hylander et al. 2022; Kemppinen et al. 2024). 

The landscape of microclimatic research is characterized by a variety of methods that, among 

others, include the development of microclimatic models (Zellweger et al. 2019a; Lembrechts 

et al. 2022; Zignol et al. 2023). As a review on the discipline shows, future microclimatic 

research should aim to achieve greater flexibility in spatial and temporal scaling (Kemppinen 

et al. 2024). This flexibility, in turn, can further help to represent abiotic conditions at scales 

that define the distribution and performance of species as well as ecosystem functions and 

services (Potter et al. 2013; Lembrechts et al. 2019; Lembrechts et al. 2022). So far, an 

increasing number of studies are addressing this issue. For instance, Haesen et al. (2021) and 

Zignol et al. (2023) have implemented spatiotemporal interpolation techniques, utilizing 

ground-based measurements and geospatial data, to predict long-term microclimatic patterns 

in forests at continental and local scales. Lembrechts et al. (2020) are constantly improving 

their global database on soil and near-surface temperatures that has already demonstrated its 

function as valuable input data for spatiotemporal modelling, all the way up to a global scale 

(Lembrechts et al. 2022). Previous research has shown that microclimatic models substantially 
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improve our understanding of spatial interactions between species and their environments at 

local levels (Zellweger et al. 2019a). Other research has also demonstrated that microclimate 

modelling benefits from remote sensing data integration, especially in landscapes where 

ground-based measurements are challenging (Zignol et al. 2023). However, as Klinges et al. 

(2024) point out, it is not always higher spatial or temporal resolution that improves the 

prediction accuracy of ecological responses. Rather, it requires datasets with high climate 

proximity, i.e., datasets that represent the climatic conditions that organisms under 

consideration are exposed to. Collectively, these arguments underscore the critical role of 

advanced microclimatic mapping and modelling techniques in enhancing our predictive 

capabilities for diverse ecosystems under different climatic conditions. 

Despite progress in microclimatic modelling, some regions remain underrepresented, including 

northern Patagonia, where gridded microclimatic data is still lacking. This is further reinforced 

by the considerable uncertainties within the region's available high-resolution gridded climate 

datasets, which are crucial for ecological studies (Fierke et al. 2024). Moreover, these datasets 

have the disadvantage of not accurately representing the climatic conditions experienced by 

organisms under the canopy and underneath the surface, focusing instead on open-air 

temperatures (Fick and Hijmans 2017b; Karger et al. 2017). As a result, critical processes, 

such as how species reliant on stable microclimates respond to climate change, remain poorly 

understood. Understanding these processes is essential, as climate change poses a significant 

threat to suitable habitats for many plant species in northern Patagonia, potentially jeopardizing 

biodiversity hotspots and disrupting ecosystem stability (Soliani et al. 2024). While existing 

studies on microclimate in the region focus on the important issue of understanding 

microclimatic processes (Barberá et al. 2023; Simon et al. 2024), they do not aim to 

comprehensively create microclimatic models over a longer period and larger spatial extent. 

As a result, comprehensive spatial data is not yet available.  

Given the absence of gridded microclimate data in northern Patagonia and the need for greater 

spatial and temporal coverage, as well as closer proximity in microclimatic modelling, our study 

aims to comprehensively analyse and project the microclimates of Andean forests in northern 

Patagonia. We address both historical changes and vertical variations within the constraints of 

existing data. Our objectives are to: (1) model the current microclimates of Andean forests in 

northern Patagonia and identify statistical relationships between predictors and microclimatic 

variables, (2) project these findings onto the historical period from 1981–2010 to assess past 

changes, (3) investigate vertical microclimatic variations at 6 cm depth and heights of 15 cm 

and 2 m, and (4) evaluate data limitations in northern Patagonia’s microclimatic modelling. Our 

analysis is based on measurements of three key microclimatic variables at different heights: 

air temperature at 2 m and 15 cm above ground and 6 cm below ground, relative humidity at 

2 m, and volumetric water content (VWC) at 6 cm depth. Using a random forest regression 
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model, we incorporate microclimatic observations from 2022–2024 alongside vegetation and 

terrain data from satellite imagery and local climate data from weather stations and downscaled 

ERA5 estimates. This approach enables spatial interpolation at 30-meter resolution and 

temporal interpolation for the historical period of 1981–2010. The combination of variables at 

multiple heights and depths allows us to assess initial vertical patterns within the microclimate. 

Finally, we analyse the current data used in our microclimatic predictions to identify which parts 

of the model suffer from data shortcomings and to understand the uncertainties these 

shortcomings cause. Our models, along with supplementary information, aim to characterize 

local microclimatic patterns and variations, providing essential insights for further studies on 

ecological processes beneath the canopy. 

5.2 Data and methods 

5.2.1 Study area 

Our study focuses on two selected zones located to the north and west of El Bolsón in the 

Andes of northern Patagonia (Figure 5.1). One zone, Figure 5.1a, encompasses the Valle del 

Río Manso Inferior, approximately 50 km by 10 km in extent, while the other, Figure 5.1b, 

includes parts of the Valle del Río Manso Inferior and areas around Lago Lahuán, measuring 

about 20 km by 30 km. Both zones overlap in a section covering parts of the Valle del Río 

Manso Inferior (Figure 5.1c). The investigated landscape is predominantly covered by four 

native tree species: Nothofagus pumilio ((Poepp. & Endl.) Krasser), N. antarctica ((Forst.) 

Oerst.), N. dombeyi ((Mirb.) Oerst.), and Austrocedrus chilensis (D. Don) Pic.-Ser. & Bizz). The 

area features a macroclimate that is influenced by its geographical setting in valleys of various 

sizes within the Andes mountains. Furthermore, the area is characterized by two 

environmental key gradients: a pronounced precipitation gradient from west to east and an 

elevational gradient ranging from approximately 450 to 1,700 m. Annual precipitation recorded 

at the weather station in El Bolsón (1991-2020) at 345 m elevation averages 894 mm, ranging 

from 30 mm in February to 170 mm in June. The mean annual temperature is 10.3 °C, with the 

highest monthly mean temperature of 17.7 °C in February and the lowest of 3.8 °C in July 

(SMN 2024).  
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Figure 5.1 Study area. Where (a) is showing the section of iButton data loggers, (b) the section of TMS-4 data 
loggers, and (c) the intersection of both. Photos (d) and (e) show exemplary sites of TMS and iButton loggers 

respectively. Mean Annual Air Temperature (MAAT) of the region is based on climate data of (Karger et al. 2017). 

5.2.2 Microclimatic data 

Using TOMST TMS-4 Standard dataloggers (Wild et al. 2019), we recorded temperature at 15 

cm height and both temperature and VWC at a soil depth of 6 cm below ground (Figure 5.1d) 

every 15 minutes across 8 locations (20 loggers) from March 2022 to February 2024, and 8 

locations (18 loggers) from March 2023 to February 2024. The dataloggers were installed 

across forest stands covering an elevational gradient from 600 to 1600 m (Figure 5.1b) with 

replicates between 600 and 1400 m and individual loggers at the treeline between 1500 m and 

1600 m, respectively. Additional temperature and relative humidity data, recorded at 4-hour 

intervals (02:00, 06:00, 10:00, 14:00, 18:00, and 22:00 UTC-3) from loggers at 2 m height 

(Figure 5.1e), were collected from 40 sites, partially overlapping with the TMS loggers (Figure 

5.1a). This data spans March 2022 to February 2023 Simon et al. (2024) using iButton 

dataloggers (DS1923 Hygrochron) (Analog Devices, Inc., USA). To ensure reliable 

measurements, the sensors were shielded from direct sunlight and adverse weather 

conditions, including precipitation and strong winds, using a white, ventilated enclosure to 



 
62 

 

minimize environmental impact (Figure 5.1e). All logger data underwent quality checks to 

remove errors and duplicates. For VWC, we only used daily records where the average soil 

temperature exceeded 0 °C, excluding 1.6% of days to eliminate frozen soil data (Wild et al. 

2019). VWC was estimated using a simplified calibration based on Jačka et al. (2023) , 

focusing on proportional trends rather than absolute values. Our calibration can be considered 

simplified because it is based on a single soil sample and average physical properties (e.g. 

bulk density) according to Simon et al. (in prep.). Calibration details appear in Figure S1, with 

logger time series shown in Figures S2–S4. We selected soil moisture, air humidity, and soil-, 

surface-, and air temperature as key variables for this study due to their fundamental roles in 

shaping microclimatic conditions relevant to organisms and ecological processes. These 

variables influence critical processes such as water availability, evapotranspiration, and 

thermal regulation, which are essential for shaping species distributions, physiological traits, 

and ecosystem functions (Barry 2008a; Geiger et al. 2009; Conant et al. 2011; De Frenne et 

al. 2021). Furthermore, their widespread use in microclimatic studies (e.g., De Frenne et al. 

2021; Kašpar et al. 2021; Aalto et al. 2022; Lembrechts et al. 2022) facilitates direct 

comparisons with existing datasets, enhancing the broader applicability of our findings. 

5.2.3 Macroclimatic data 

We retrieved macroclimatic temperature data from a weather station located in the Valle del 

Río Manso Inferior at -41.61° South and -71.54° West, and macroclimatic precipitation and 

humidity data from a weather station located in El Bolsón at -41.94° South and -71.53° West. 

The Valle del Río Manso Inferior station has records from May 2003 to the present, with a gap 

between 2015 and 2019, while the El Bolsón station has records from January 1992 to the 

present (SMN 2024). While the station variables were directly integrated into the model 

calibration for the period from 2022 to 2024, we used ECMWF ERA5 predictors (Hersbach et 

al. 2020) for statistical downscaling (Table 5.1) to produce macroclimatic variables for the 

climate normal from 1981 to 2010. These variables measure various atmospheric conditions 

at different heights and pressure levels, including wind speed, wind direction, geopotential 

energy, humidity, temperature, and precipitation, essential for understanding and predicting 

weather patterns (Table S1). The variables were downloaded on a daily basis for the historical 

period from 1979 to 2014, as provided by the Canadian Centre for Climate Modelling and 

Analysis (ECCC 2024). By focusing on the historical period 1981-2010, future studies could 

compare the results of our research with existing models, such as those developed by Karger 

et al. (2017). 
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Table 5.1 Predictor variables for statistical downscaling of ERA5 data. Using even years from 2004 to 2014 for the 
Valle del Río Manso Inferior station and even years from 1991 to 2014 for the El Bolsón station, predictor variables 
were selected from the 26 available options (Table S1) based on their partial correlation coefficients (r) and p-

values. Where hPa is the atmospheric pressure level in hectopascals. 

Variable (Station) No. ERA5 predictor variable Partial r P value 

TMAX: maximum daily temperature 
(Valle del Río Manso Inferior) 

1 Mean sea level pressure -0.242 <0.0001 

2 500 hPa Wind speed -0.139 <0.0001 

3 500 hPa Meridional wind component  0.184 <0.0001 

4 500 hPa Geopotential  0.235 <0.0001 

5 850 hPa Zonal wind component -0.120 <0.0001 

6 850 hPa Geopotential  0.132 <0.0001 

TMIN: minimum daily temperature 
(Valle del Río Manso Inferior) 

1 Mean sea level pressure -0.195 <0.0001 

2 1000 hPa Wind speed  0.261 <0.0001 

3 1000 hPa Relative vorticity of true wind  0.190 <0.0001 

4 1000 hPa Divergence of true wind -0.145 <0.0001 

5 500 hPa Geopotential  0.290 <0.0001 

6 Total precipitation -0.112 <0.0001 

7 850 hPa Specific humidity  0.313 <0.0001 

PRCP: daily sum of precipitation 
(El Bolsón) 

1 1000 hPa Zonal wind component -0.189 <0.0001 

2 500 hPa Wind speed  0.112 <0.0001 

3 850 hPa Wind Speed  0.139 <0.0001 

4 850 hPa Geopotential -0.240 <0.0001 

5 850 hPa Divergence of true wind -0.107 <0.0001 

RH: relative humidity 
(El Bolsón) 

1 1000 hPa Divergence of true wind  0.157 <0.0001 

2 850 hPa Divergence of true wind -0.292 <0.0001 

3 850 hPa Specific humidity  0.532 <0.0001 

4 Air temperature at 2 m -0.667 <0.0001 

 

5.2.4 Vegetation and terrain data 

For vegetation-related variables, we used the Enhanced Vegetation Index (EVI) and 

Normalized Difference Moisture Index (NDMI) based on Landsat 8/9 (USGS 2024), as well as 

the Leaf Area Index (LAI) and Fraction of Photosynthetically Active Radiation (FAPAR) based 

upon Sentinel 3/OLCI data (Copernicus Service Information 2022). EVI and NDMI have a 

spatial resolution of 30 m, whereas LAI and FAPAR feature a resolution of 300 m. All four 

indices are calculated monthly, based on an iterative interpolation process, during which pixels 

from months with cloud cover are replaced by data from subsequent available months. For EVI 

and NDMI, pixels affected by clouds and cloud shadows are excluded, based on the quality 

assessment file. Additionally, LAI and FAPAR data are already masked to exclude cloud-

affected areas. While LAI and FAPAR data are calculated using a ready-to-use product at 10-

day intervals from 2022 to 2024, EVI and NDMI data are derived from 135 Landsat 8/9 scenes 

available between 2022 and 2024. For tree height, we used the product of Tolan et al. (2024) 

at a spatial resolution of 1 m. Additionally, we assessed forest cover by combining tree height 

with EVI, using thresholds of 3 m and 0.22, respectively. This approach, similar to that of 

(Zignol et al. 2023), helped establish the distance and direction to the forest edge with a 

resolution of 30 m. Our terrain-related variables included elevation, distance to sink, relative 

elevation, terrain roughness, the Topographic Position Index (TPI), the Topographic Wetness 

Index (TWI), and monthly solar radiation derived from SRTM data (Farr et al. 2007) with a 

resolution of approx. 25 m accessed through elevatr in RStudio (Hollister et al. 2023). Except 
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for solar radiation (potential incoming solar radiation, PISR) which was calculated using 

RSAGA (Brenning et al. 2022), all other terrain-related variables were computed using terra in 

RStudio (Hijmans et al. 2024). Where necessary, data was resampled and reprojected to 30 x 

30 m2 spatial resolution and the EPSG:32719 coordinate system. For our model calibration, 

tree height data was retained at a 1 m spatial resolution to preserve its quality as a predictor 

variable. Detailed information on all variables and their processing can be found in Figure S5. 

5.2.5 Model calibration 

We calibrated 8 models using monthly averages of the following observed microclimatic data 

as response variables: minimum and maximum daily temperatures at 6 cm depth, 15 cm and 

2 m height, relative humidity at a height of 2 m, and VWC at a depth of 6 cm. These monthly 

averages were calculated by averaging the daily minimum and maximum values for each 

month. This approach was necessitated by the temporal resolution of the predictor variables, 

which were limited to monthly data. By averaging daily extremes over a month, we aligned the 

temporal resolution of the response variables with that of the predictors, ensuring consistency 

across the modelling framework. This method retains the critical information conveyed by 

extreme values while facilitating robust temporal interpolation. Before fitting the models, we 

selected 15 biophysical variables (related to vegetation, terrain, and macroclimate) as 

predictors: EVI, NDMI, LAI, FAPAR, tree height, distance to forest edge, direction to forest 

edge, elevation, relative elevation, terrain roughness, TPI, TWI, distance to sink, solar 

radiation, and macroclimate. The macroclimate variables at the meteorological station were 

customized according to the specific response variable being studied. Maximum and minimum 

daily temperature records were used for temperature-related variables, mean daily humidity 

records for humidity, and daily sum of precipitation data for VWC. We excluded collinear 

predictors by removing one predictor from each pair that exhibited a significant Pearson 

correlation coefficient greater than ±0.7. This approach led to a removal of terrain roughness 

and distance to forest edge, as shown in Figure S6. To determine the best fit of variables, we 

applied recursive feature elimination based on a 10-fold cross-validation to each model and 

each month. This method helped us eliminate those variables that did not contribute additional 

explanatory power, measured by R², and reduced discrepancies between predicted and 

observed values, as indicated by the root mean square error (RMSE). To improve model 

robustness and assess predictive accuracy, we used a combination of 100 ensembles for each 

monthly model, where each ensemble consists of a randomly selected training and evaluation 

subset, comprising 80% and 20% of the data, respectively. This yielded us the variance of the 

individual model performance shown in Figure 5.2. In total, our study design led to a processing 

of 96 cases from a combination of 8 models with reference to the observed microclimatic 

variables and 12 months.  
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Figure 5.2 Relative importance of 13 selected biophysical variables for predicting microclimatic observations. 
Predictors are categorized as related to vegetation (v), topography (t), or macroclimate. The vertical lines in the bar 
indicate the range (maximum and minimum), while the bars represent the mean R² values across 100 ensembles. 
Each monthly bar corresponds to a specific set of biophysical variables identified after a recursive variable 

elimination process. 

All calculations were done using the ranger function in RStudio (Wright and Ziegler 2017), 

which applies the algorithm of Breiman (2001). The application of a random forest-based 

algorithm is based on the assumption that non-linear relationships between predictor and 

response variables exist (Chen et al. 1999; Zellweger et al. 2019b).  

We performed spatiotemporal interpolation on our calibrated models and therefore utilized the 

Statistical DownScaling Model (SDSM) v.6.1, developed by Wilby et al. (2002) and Wilby and 

Dawson (2013) to fill data gaps in the weather station records and create a daily time series 

from 1981 to 2010 based on selected ERA5 predictor variables for statistical downscaling 

(Table S2). All ERA5 predictands used for downscaling station variables were selected based 
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on their influence, assessed by partial correlation coefficients (r) and p-values, using the screen 

variables function in the SDSM software. For the recorded periods from 2004 to 2014 at Valle 

del Río Manso Inferior, and from 1992 to 2014 at El Bolsón respectively, even years were used 

as training data, while odd years served as validation data (cf. Zignol et al. 2023). Due to 

insufficient historical precipitation and humidity records at the meteorological station of Valle 

del Río Manso Inferior, the El Bolsón station was used as a substitute for downscaling these 

two variables. For each day of the synthesized time series, we generated 100 ensembles using 

the weather generator function and calculated the mean. Once the time series for minimum 

and maximum daily temperature, as well as mean daily humidity and daily sum of precipitation, 

were completed, these variables, along with the previously mentioned biophysical variables, 

served as predictors for temporally interpolating microclimatic variables from 1981 to 2010. 

Subsequently, we calculated monthly averages from these time series. These averages were 

then used for spatial interpolation to model microclimatic variables across different zones of 

our study area. The observation periods covered were 2022-2023 for iButton loggers and 

2022-2024 for TMS loggers, in addition to a historical period from 1981-2010. Where one zone 

was established as an envelope encompassing all iButton loggers (Figure 5.1a), and the other 

zone by an envelope of all TMS-4 loggers (Figure 5.1b). Spatial interpolation was performed 

using the predict function in terra (Hijmans et al. 2024). Macroclimatic variables of the 

meteorological stations served as constant variables. 

5.3 Results 

5.3.1 Model calibration 

As shown in Figure 5.2, there is remarkable variability in the explanatory power and influence 

of predictors across the eight models. This variability can be observed among microclimatic 

variables (relative humidity, VWC, and minimum and maximum temperatures), their 

measurement scales (6 cm depth, 15 cm height, and 2 m height), and across different months. 

While several variables are relevant for predicting monthly VWC at a depth of 6 cm (median of 

13 predictors), minimum temperature at 6 cm depth (median of 9 predictors), and maximum 

temperature at 15 cm height (median of 7 predictors), the number of relevant predictors for 

minimum temperature at a height of 2 m (median of 2 predictors) and at 15 cm (median of 2 

predictors) is relatively low. Table 5.2 presents the three strongest predictor variables for all 

months in the prediction of VWC at 6 cm depth, minimum and maximum temperatures at 6 cm 

depth, 15 cm height, and 2 m height, as well as relative humidity at 2 m height. 
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Table 5.2 Summary of top predictor variables for microclimatic response variables. Predictor variables are listed 
according to their relevance, expressed as percentages, across all months. 

Response Variable No. Predictor Variable Importance (%) 

VWC [-6cm] 

1 Tree height 14.1 

2 EVI 13.5 

3 TPI 10.3 

TMIN [-6cm] 

1 LAI 26.4 

2 TMIN at station 19.7 

3 FAPAR 19.6 

TMAX [-6cm] 

1 LAI 25.9 

2 FAPAR 24.1 

3 TMAX at station 21.3 

TMIN [15cm] 

1 TMIN at station 68.3 

2 Distance to sink 27.0 

3 Solar radiation 22.6 

TMAX [15cm] 

1 TMAX at station 48.9 

2 FAPAR 33.3 

3 Distance to sink 20.8 

RH [2m] 

1 RH at station 77.9 

2 EVI 14.4 

3 FAPAR 13.7 

TMIN [2m] 

1 TMIN station 67.2 

2 LAI 26.5 

3 NDMI 23.5 

TMAX [2m] 

1 TMAX station 71.5 

2 FAPAR 13.9 

3 NDMI 10.9 

 

Returning to Figure 5.2, the models predicting maximum temperature demonstrate the best 

performance, with an R² of 0.88 at 2 m height, followed by 0.85 at 15 cm height, and 0.84 at 6 

cm depth, averaged over all months. In contrast, the models predicting minimum temperature 

above the surface show the lowest performance, with an R² of 0.73 at both 2 m and 15 cm 

heights, averaged over all months. When considering individual months, R² for nearly all 

models decreases to 0.6 or below, and for the prediction of minimum temperature at a depth 

of 6 cm in May, it decreases to 0.5. Regarding the error rate of the models, measured by 

RMSE, the pattern is slightly different. The models predicting maximum temperature at 6 cm 

depth and 2 m height show RMSE values of 1.1°C and 1.5°C, respectively. Conversely, the 

models predicting minimum temperature at the same depth and height show RMSE values of 

1.2°C and 1.8°C, respectively. However, at 15 cm height, this pattern is reversed, with an 

RMSE of 1.4°C for the model predicting minimum temperature and an RMSE of 2.4°C for the 

model predicting maximum temperature. Detailed statistics are provided in Table S3. 

5.3.2 Spatiotemporal interpolation 

The statistical downscaling of the ERA5 reanalysis data for daily temperature showed an R² of 

0.69 and R² of 0.60 for maximum and minimum temperature respectively; and an R² of 0.28 

and 0.35 for precipitation and humidity respectively (Figure S7). The results of our 

spatiotemporal interpolations were monthly models for the maximum and minimum 

temperature at 2 m height, 15 cm height, and 6 cm depth, as well as relative humidity at 2 m 
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height and VWC at 6 cm depth. For illustrative presentation (Figure 5.3), we selected three 

months of an exemplary section in Valle del Río Manso Inferior (Figure 5.1c): February, as a 

dry and warm extreme, July as a cold extreme, and June as a wet extreme. All other months 

can be found in the appendix (Figure S8-S23). 

 

Figure 5.3 Selected examples of microclimatic maps in Valle del Río Manso Inferior (Figure 5.1c). Depicted 
variables at a soil depth of 6 cm, as well as at heights of 15 cm and 2 m above ground level, for the period from 
1981 to 2010. February represents the warm and dry extreme, July the cold extreme, and June the wet extreme. 
The section covers an area of 12 by 19 km and spans an elevational gradient from 433 to 2239 m. Grey areas 

indicate regions not covered by forest. 
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5.3.3 Comparison between historical and current microclimate 

Figure 5.4 compares microclimatic conditions depicted in our models of the historical period 

(1981-2010) with those from recent observation periods using iButton data (2022-2023) and 

TMS data (2022-2024). Most notably, temperatures at 6 cm below ground show a significant 

change in July's minimum temperatures (Figure 5.4, panel b), with the mean increasing from -

0.9°C (SD of 0.4) to 1.8 °C (SD of 0.5), indicating fewer cold extremes. At 15 cm above ground, 

the strongest change is observed in maximum temperatures (Figure 5.4, panel c), which rose 

from 20.1 °C (SD of 2.3) to 22.9 °C (SD of 2.6). In terms of VWC below ground, an increase in 

variance and range (Figure 5.4, panel g) suggests greater variability in VWC during February 

over the observation period. At a height of 2 m, there is a slight increase in minimum 

temperatures from -2.0 °C (SD of 1.1) to -1.5 °C (SD of 1.0) during July (Figure 5.4, panel f). 

Further, maximum temperatures show an increase from 18.7 °C (SD of 1.7) to 19.7 °C (SD of 

0.2) during February over the observation period. Regarding relative humidity at 2 m, an 

increase in variance and standard deviation indicates greater variability during June (Figure 

5.4, panel j). Besides these highlighted significant changes, the analysis did not reveal any 

other significant variations in the climate variables at depths of 6 cm and heights of 15 cm and 

2 m between the historical reference period (1981-2010) and the observation period (2022-

2024). It is important to consider the temperature accuracy of ±0.5 °C within this comparative 

analysis (Wild et al. 2019).  
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Figure 5.4 Microclimatic variables across periods and heights. Plots illustrating the distribution of microclimatic 
variables over historical and observed periods at 2 m and 15 cm heights, as well as 6 cm depth, highlighting the 
median, quartiles, and the frequency of values at different points. The observation period is 2022-2023 for the 
iButton loggers and 2022-2024 for the TMS loggers, while the historical reference period spans from 1981 to 2010. 
Temperature (red) at 6 cm depth and 15 cm height, as well as VWC (blue) at 6 cm depth, represent data from TMS 
loggers. Temperature (red) and relative humidity (blue) at 2 m height represent data from iButton loggers. 

5.3.4 Vertical temperature variations 

Figure 5.5 (panel a) shows the monthly course of mean daily minimum temperatures across 

three vertical horizons in the section of our study area where the interpolation of iButton data 

and TMS data overlaps (Figure 5.1c). The minimum temperatures at a height of 15 cm are 

consistently lower than those at a depth of 6 cm, with an annual mean difference of 2.8 K. A 
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similar pattern applies to the relation of minimum temperatures at a height of 2 m compared to 

those at a depth of 6 cm, though only until August. During September and November, minimum 

temperature at 6 cm depth exceeds that at 2 m height. The largest difference in minimum 

temperatures between two horizons occurs in November, with temperatures of 2.8 °C at 15 

cm height and 9.6 °C at 2 m height, resulting in a difference of 6.7 K.  

 

Figure 5.5 Vertical temperature variations. Where the left panel shows the mean monthly minimum and the right 
panel the mean monthly maximum temperatures for different vertical horizons at 2 m and 15 cm height, as well as 
6 cm depth for the period from 1981 to 2010. Variations are related to a section of our study area where both spatial 
interpolations of iButton and TMS data overlap (Figure 5.1c). 

Figure 5.5 (panel b) illustrates the monthly course of mean daily maximum temperatures 

across the same vertical horizons and the same section. The highest maximum temperatures 

are observed at 15 cm height during December to February, reaching up to 23.6 °C. Intra-

annual amplitude of maximum and minimum temperatures is more pronounced at heights of 2 

m and 15 cm than those at a depth of 6 cm (Figure 5.5 panel b). The largest differences in 

maximum temperatures between two horizons occur in January and December, with 

temperatures of 23.6 °C and 20.0 °C at 15 cm height, and 12.7 °C and 10.0 °C at 6 cm depth, 

resulting in differences of 10.8 K and 10.0 K, respectively. 

5.4 Discussion 

We applied a random forest-based regression on microclimatic observations from 2022 to 

2024, weather station records, and geospatial vegetation and terrain data to identify drivers of 

microclimatic variability in northern Patagonia. Additionally, we applied a statistical 

downscaling of ERA5 data to expand microclimatic models to a historical period (1981–2010). 

These models characterize local microclimatic patterns, forming a foundation for studies on 

understory vegetation and soil processes like respiration and nutrient cycling. Nevertheless, 

inherent uncertainties arise from limited biophysical data, sparse measurements, and the 

challenges of capturing dynamic ecological processes, as discussed later. 
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5.4.1 Drivers of microclimatic variability  

Our study shows that the statistical relationships between biophysical predictors and 

microclimatic variability varies significantly by microclimatic variable and season, a finding 

consistent with Aalto et al. (2022). We observed that predicting VWC at 6 cm depth required 

the most predictors (15), while estimating minimum temperature at 2 m height required the 

lowest (4). This discrepancy suggests that many predictors are not effective for estimating 

minimum temperature and humidity at 2 m. Fewer predictors can make models overly sensitive 

to those individual variables, leading to variability in our final models. One reason for the 

different number of predictors can be attributed to the variability of the underlying data. 

Specifically, lower variability in below-ground data tends to yield more reliable predictions. On 

the other hand, the high number of predictors needed to model underground temperature, 

WVC and winter RH, combined with their low consistency along the year, highlights the need 

for further exploring other predictors that better relate to these variables (Figure 5.2). 

For all models, except those focused on below-ground variables, local macroclimatic data, 

particularly air temperature and RH, exerted the most substantial influence. This result aligns 

with findings from Zignol et al. (2023), but suggests a slightly stronger macroclimate effect, 

with its influence ranging from 50% to 80%. This underscores the importance of establishing 

more local weather stations to capture detailed macroclimatic conditions in this region, which 

significantly impact microclimatic variations. Beyond macroclimatic drivers, solar radiation, 

FAPAR, NDMI, and distance to sink emerge as key predictors These factors influenced 

microclimate either during specific periods (e.g., FAPAR in winter temperature prediction at 15 

cm depth) or consistently throughout the year (e.g., NDMI for 2 m temperature). This 

underscores that, alongside the potential incoming solar radiation, canopy structure and 

composition reflected through FAPAR, NDMI, and LAI are important factors of microclimatic 

regulation within forest ecosystems.  

The overall explanatory power of monthly predictions and relative importance of predictors also 

varies substantially between months. This can be attributed to the seasonal climate of northern 

Patagonia and related changes in plant phenology, which is confirmed by another study in an 

environment with strong seasonal changes (Aalto et al. 2022). Winter data gaps also amplify 

seasonal effects, impacting model accuracy for winter months, a topic we will discuss in more 

detail below. The accuracies of our models also depend strongly on the microclimatic variables 

and months as it was also recognized in other studies (Lembrechts et al. 2022; Zignol et al. 

2023). The highest accuracy was observed in the model predicting maximum temperature at 

a 2 m height (R² = 0.88, RMSE = 1.5 °C), while the lowest accuracy was in the model predicting 

minimum temperature at the same height (R² = 0.73, RMSE = 1.8 °C). In some months, the 

explanatory power dropped as low as R² = 0.6. These variations highlight the complexities of 
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modelling microclimatic extremes at different heights, likely influenced by unrepresented 

predictors or those unavailable at an adequate scale. 

5.4.2 Microclimatic variability over space and time 

Our models capture both landscape-specific variability and, to some extent, the vertical 

variability within 30-meter microclimate grid cells across our study area. At the landscape level, 

we observed over 10 K differences in maximum temperatures at 2 m height between exposed, 

sparsely forested areas at lower elevations and dense forests in higher elevations (e.g., Valle 

del Río Manso Inferior) during the warmest month from 2022 to 2023. Relative humidity also 

varied by up to 25% between these landforms in the same month. Such conditions likely impact 

tree species regeneration (Paritsis et al. 2015), species in the understory (Maclean et al. 2015; 

Morelli et al. 2016; Rahbek et al. 2019), and patterns of fuel moisture and fire disturbances 

(Barberá et al. 2023).  

During summer (December to February), we recorded the highest maximum temperatures 

near the ground at 15 cm, while winter minimum temperatures were lower at 2 m than at 15 

cm. This suggests that understory species encounter warmer maximum temperatures during 

the late growing season and less severe minimum temperatures in winter. Late winter and 

spring showed lower minimum and maximum temperatures at ground level compared to 2 m, 

contributing to extended winter conditions (Figure 5.5). These conditions likely influence the 

vertical stratification of understory species (De Frenne et al. 2021; Aalto et al. 2022). The 

strongest vertical temperature difference occurred between 15 cm above ground and 6 cm 

below ground, with up to 10.8 K in January, indicating inefficient heat conduction into deeper 

soil. This significant temperature difference suggests that heat is not efficiently or quickly 

conducted into deeper soil layers. This could be attributed to the minerals soil’s coverage by 

an ecto-organic humus layer and understory vegetation, or to the generally low bulk density of 

volcanic ash soils, which inherently possesses lower thermal conductivity (Abu-Hamdeh and 

Reeder 2000; Buduba et al. 2020).  

In addition to the spatial results of our study, our models capture current monthly microclimates 

from 2022 to 2024, as well as historical microclimates from 1981 to 2010, revealing 

microclimatic variability over time. We identified significant temperature increases at 15 cm 

and 2 m in recent years. The maximum temperatures increased from 20.1 °C to 22.9 °C at 15 

cm, and from 18.7 °C to 19.7 °C at 2 m, indicating a notable rise in maximum temperatures 

over the observation period between 2022 and 2024. Subsurface minimum temperatures at 6 

cm in July also increased from -0.9 °C to 1.8 °C, indicating reduced cold extremes below 

ground. These temperature shifts are likely influenced by macroclimatic anomalies associated 

with mid-level anticyclonic patterns (Stella 2022; Collazo et al. 2024; Stella 2024).  
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Our high-resolution spatial and temporal modelling provides critical insights for developing 

bioclimatic envelopes tailored to forest species and ecosystems. These results provide a 

framework for evaluating forest management strategies that consider both landscape and 

vertical climate variability, offering insights into species distribution patterns and understory 

dynamics, including tree regeneration (Kemppinen et al. 2024). Temporal interpolation of our 

models to 1981–2010 facilitates comparisons with other datasets from that period (cf. Karger 

et al. 2017) and supports the derivation of correction factors for macroclimatic models, as 

suggested by De Frenne et al. (2021). 

5.4.3 Data scarcity, model uncertainties, and prospects  

A significant limitation of our model is its inability to capture intra-annual and multi-year 

dynamics due to missing or insufficient biophysical data. Key variables absent or only partially 

available include those related to vegetation, snow, soil properties, and human activities. Many 

vegetation-related variables, like tree height, are limited to single-year measurements, while 

cloud cover makes much winter data unusable, resulting in a bias towards capturing the 

seasonal changes of deciduous forests. Snow cover data, which is essential for understanding 

how near-surface temperature impacts soil moisture and overwintering organisms, is currently 

unavailable. This absence is significant, as snow’s insulating effect on soil temperatures plays 

a key role in the survival rates of these organisms (Williams et al. 2015).  

Of 20,825 sensor-days analysed, 4,114 (about 19.8%) could have been affected by snow 

cover (adopting the method of Man et al. 2024), especially at higher altitudes and in winter, 

where model uncertainty is greatest. Variables like FAPAR and LAI, which provide canopy 

insights, significantly influence our models but could be enhanced with higher-resolution data, 

such as airborne LiDAR (Kašpar et al. 2021) or ground-based validation. This lack of dynamic 

vegetation data limits our ability to explain microclimatic variability across months and seasons, 

which we expect to impact future microclimates via shifts in disturbance regimes, land use, 

and species composition (Raffaele et al. 2011; Iglesias et al. 2022; Kitzberger et al. 2022).  

Our sampling approach presents additional limitations. We used a random forest-based model, 

chosen for its ability to capture nonlinear relationships between biophysical predictors and 

microclimatic variables (Chen et al. 1999; Zellweger et al. 2019b). However, with few 

measurement points, there is an increased risk of overfitting. Future model enhancements 

could incorporate focal distance raster, which capture the influence of land cover within varying 

spatial buffers, to better reflect the broader environmental effects on microclimatic variability. 

This method, as demonstrated by Shandas et al. (2019), has been shown to improve model 

precision and predictive power by considering the spatial configuration of landscape features 

around measurement points. However, the inclusion would require substantial computational 

resources and processing. Regarding the existing VWC measurements, our study shows 
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proportional trends rather than absolute values due to simplified calibration, potentially 

underrepresenting extreme conditions like droughts. This limitation is critical for ecological 

predictions. 

Given these limitations, especially in environmental data quality and measurement scarcity, 

we recommend testing our gridded data at different spatial resolutions. Even at lower 

resolutions, our dataset can improve microclimatic representation beneath forest canopies in 

the northern Patagonian Andes. This refinement is crucial, as Klinges et al. (2024) have 

demonstrated that not only higher temporal and spatial resolution but particularly proximity, 

i.e., the change from macro- to microclimate, is essential for enhancing ecological models. 

Consequently, our datasets could at least enhance prior datasets by Karger et al. (2017) and 

Fick and Hijmans (2017b), which primarily reflect open atmosphere conditions.  

A further limitation is the use of VWC measurements at a shallow 6 cm depth, which raises 

concerns given the prevalence of summer droughts and deeper soil layers in our area. While 

6 cm VWC data is valuable for understanding fuel moisture and wildfire risk (Jensen et al. 

2018; Krueger et al. 2023), it may not represent the moisture levels experienced by plant roots 

in deeper soil. This could limit the effectiveness of these measurements in predicting plant 

water stress and ecosystem responses, suggesting the need for deeper VWC measurements. 

However, shallow VWC data does provide insight into the survival and growth of tree seedlings 

critical for forest regeneration (Caselli et al. 2019). 

Addressing these limitations by incorporating dynamic data sources could enhance our 

models’ predictive accuracy, enabling more robust management strategies tailored to 

changing microclimates. Expanding the model to include disturbed areas could further inform 

forest regeneration processes and identify tipping points affecting vegetation structure. Simon 

et al. (2024) showed that microclimate varies significantly within shrub-like vegetation, yet our 

data does not cover all regional vegetation types. With disturbances projected to increase 

(Kitzberger et al. 2022), filling these gaps will be crucial for accurately projecting future 

microclimatic conditions. 

Our findings on microclimatic variability provide a foundation for understanding how extreme 

temperature buffering can guide conservation and land management strategies in northern 

Patagonia. Identifying areas as potential climate refugia for vulnerable species highlights the 

critical role of microclimates in mitigating biodiversity loss under climate change (Beugnon et 

al. 2024; Kemppinen et al. 2024). Future efforts should prioritize integrating microclimatic 

processes into reforestation and land-use planning to enhance ecosystem resilience. By 

promoting vertical canopy complexity and minimizing soil exposure, management strategies 

can help buffer against extreme climatic events, support biodiversity conservation, and foster 

species adaptation. Additionally, fire risk assessments could be improved by incorporating 
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microclimatic influences on fuel moisture and flammability. As demonstrated by Barberá et al. 

(2023), local microclimatic differences, such as cooler and moister conditions in forested areas 

compared to shrublands, significantly affect fuel moisture content and fire behaviour. 

Considering these microclimatic effects, alongside local precipitation, topography, and 

vegetation-related wind patterns, could enhance the accuracy of fire risk predictions and inform 

land management strategies. These actionable insights underscore the value of this work as 

a stepping stone for both scientific inquiry and practical applications in addressing climate 

challenges. 
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Abstract 

Forests in temperate mountain regions are increasingly exposed to extreme heat. Near-

surface microclimates, shaped by vegetation and topography, influence forest regeneration, 

fuel dynamics, and disturbance feedbacks. We examined how daily warming rates, maximum 

temperatures, and cooling rates differ between buffered sites (forested, high elevation, south-

facing) and exposed sites (shrubland, low elevation, north-facing) in northern Patagonia, and 

whether buffering strength increases with heat exposure. We deployed a network of 

temperature loggers in the Río Manso Valley, recording summer temperatures at 15-minute 

intervals. Using a paired sampling design, we compared six environmental gradients 

representing vegetation structure, elevation, and slope orientation. We used linear mixed-

effects models to assess thermal differences and their sensitivity to local maximum 

temperatures at exposed sites. Buffering capacity varied across gradients. Forest structure 

and elevation had the strongest, most consistent effects; low-stature vegetation buffered less 

than medium-height vegetation, while slope orientation showed weaker, more variable effects. 

Across all gradients, thermal differences increased under higher maximum temperatures, 

indicating that microclimatic buffering intensifies during heat extremes. Our findings 

underscore the multidimensional, temperature-sensitive nature of microclimate regulation. By 

linking structural and topographic gradients with thermal responses, our study provides 

insights essential for modelling forest regeneration, fuel moisture dynamics, and disturbance 

feedbacks in fire-prone landscapes under climate change. 

Keywords: Microclimate, Temperate mountain forests, Near-surface temperature, Linear 

mixed effects models, Patagonia 
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6.1 Introduction 

Forests in temperate mountain regions are increasingly exposed to climate-driven changes in 

disturbance regimes, including more frequent and severe droughts and wildfires (Bebi et al. 

2017; Kulakowski et al. 2017; Albrich et al. 2020). These dynamics are altering forest structure, 

composition, and post-disturbance recovery processes, with important implications for 

ecosystem functioning and resilience (Sommerfeld et al. 2018). While these are broad-scale 

processes, their effects are dampened or amplified through local conditions, with microclimatic 

variation particularly shaped by vegetation and topography (Carnicer et al. 2021). 

Vegetation structure and topography modulate near-surface temperature by influencing 

radiation, air flow, and moisture conditions, creating heterogeneous microclimates that can 

buffer or decouple organisms and ecological processes from broader climate trends (De 

Frenne et al. 2021). As wildfire regimes intensify in temperate mountain landscapes, near-

surface temperature dynamics are becoming increasingly important for both forest recovery 

and fire behaviour. Microclimatic conditions during and after disturbance shape regeneration 

outcomes by influencing temperature extremes experienced at the seedling to sapling level. 

Buffered microsites, such as those beneath closed-canopy forest, can reduce thermal stress 

during sensitive life stages like germination and early establishment (Marsh et al. 2022b; Marsh 

et al. 2022a; Hill et al. 2024). In contrast, more exposed locations may favour light-demanding 

species by offering greater irradiance and warmer conditions, but only under adequate 

moisture availability (Espinosa del Alba et al. 2024). Beyond regeneration, near-surface 

temperatures also affect surface fuel conditions: cooler and moister microsites reduce fuel 

drying, potentially lowering ignition risk and slowing fire spread during hot and dry periods 

(Barberá et al. 2023). These roles are further reinforced by vegetation–microclimate 

feedbacks. Even modest increases in vegetation height or density can dampen thermal 

variability, creating a self-reinforcing cooling effect (D'Odorico et al. 2010; D'Odorico et al. 

2013). Understanding how vegetation and topography interact to shape near-surface 

temperatures is therefore essential for anticipating landscape trajectories in a warming, fire-

prone climate. 

Recent studies have advanced our understanding of forest microclimates by collecting fine-

scale temperature data across gradients of vegetation structure, elevation, or topography 

(Atkins et al. 2023; Máliš et al. 2023; Jia et al. 2024). While these efforts have yielded important 

insights, comparisons across multiple environmental gradients within the same system remain 

relatively scarce. Moreover, thermal buffering is frequently characterized using temperature 

extremes, such as daily maxima, whereas temporal features like the rate and timing of warming 

and cooling have received comparatively less attention, despite their ecological relevance (Hill 

et al. 2024). Previous findings also suggest that buffering capacity varies with temperature, 
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with the strongest effects observed during extreme conditions (Davis et al. 2019; De Frenne 

et al. 2019; Starck et al. 2025). This underscores the need for comprehensive assessments 

that span multiple environmental gradients and capture both thermal amplitude and diurnal 

dynamics. Such efforts are particularly important in mountainous landscapes, where complex 

terrain creates high microclimatic variability and may reveal context-dependent buffering 

behaviour. 

To address these gaps, we examine how near-surface thermal buffering varies across multiple 

environmental gradients in a temperate mountain landscape of northern Patagonia, Argentina. 

By combining paired sites in elevation, slope orientation, and vegetation structure, including 

both closed-canopy forests and structurally open sites, our study quantifies differences in 

warming rates, daily maximum, and cooling rates between buffered and more exposed 

conditions. This allows us to assess how near-surface thermal conditions respond to rising 

temperatures across diverse but ecologically representative forest and shrubland settings. 

Northern Patagonia offers a particularly relevant context for this analysis: while much of the 

region remains dominated by continuous native forests, recent and projected increases in heat 

and drought raise concerns about growing wildfire vulnerability (Kitzberger et al. 2022). 

Understanding how local microclimatic conditions are structured by vegetation and topography 

is of importance to predict how forest regeneration and disturbance feedbacks will unfold under 

future climate extremes. 

In this study, we pursue two main objectives. First, we examine how daily warming rates, 

maximum temperatures, and cooling rates near the surface differ between buffered and 

exposed sites across gradients of elevation, slope orientation, and vegetation structure, and 

assess the consistency of thermal buffering capacity across these environmental contrasts. 

Second, we investigate how the magnitude and sensitivity of these thermal dynamics respond 

to thermal conditions during the summer season. To meet these objectives, we address the 

following research questions: (1) How do daily warming rates, maximum temperatures, and 

cooling rates differ between buffered and exposed sites across elevation, aspect, and 

vegetation structure? (2) Does the strength of microclimatic buffering increase with rising 

thermal stress, and if so, which environmental gradients contribute most effectively to this 

response? By disentangling the contribution of topographic and structural features to local 

thermal regimes, our findings aim to improve process-based understanding of forest 

microclimates and support spatial predictions of microclimatic variation under climate change. 
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6.2 Material and methods 

6.2.1 Study area 

The study was conducted in the Río Manso Valley, northern Patagonia, Argentina (41.60° S, 

71.56° W), approximately 5 km west of the town of Río Villegas. This temperate mountain 

landscape is characterized by steep elevation gradients, varying slope orientations, and a 

mosaic of vegetation types shaped by both natural disturbance dynamics and historical land 

use (Gowda et al. 2012; Kitzberger 2012). Over short distances, the valley transitions between 

dense Nothofagus pumilio forests, structurally open shrublands dominated by Nothofagus 

antarctica, and mixed formations, creating high microclimatic and structural heterogeneity. The 

region experiences a marked seasonality in temperature and precipitation, with increasingly 

frequent summer heat extremes and wildfire activity (Holz et al. 2012; Kitzberger et al. 2022), 

making it a representative setting for studying interactions between topography, vegetation 

structure, and climate stressors. 

6.2.2 Microclimatic sampling 

To assess thermal buffering across environmental gradients, we deployed a network of 22 

TOMST TMS-4 Standard loggers (Wild et al. 2019), each installed along a valley transect of 

Río Manso Inferior Valley. All sensors recorded temperatures in 15-minute intervals from 

February 15, 2024, to February 14, 2025, and were shielded from direct solar radiation to 

ensure consistent and comparable microclimatic measurements. Although the loggers record 

temperature at three levels (–6 cm below surface, +2 cm at the surface, and +15 cm above 

surface), we focused our analysis on the 15 cm measurements. This choice reflects both the 

practical difficulty of maintaining a consistent sensor height at 2 cm across structurally complex 

vegetation (Aalto et al. 2022) and the limited sensitivity of subsurface temperatures (–6 cm) to 

short-term warming and cooling dynamics near the surface.  

The study was designed to capture three key environmental gradients: (i) elevation (low to 

high), (ii) slope orientation (north- to south-facing), and (iii) vegetation structure (dense forest 

to low- and medium-height shrubland). Each gradient was sampled using a paired design, with 

two nearby sites differing in one focal variable while remaining similar in their topographic and 

vegetation context. Within each site pair, one site was expected to be more buffered and the 

other more exposed (e.g., forested vs. shrubby, south- vs. north-facing slopes). These labels 

are relative, with exposed sites representing the less buffered end of the local gradient rather 

than fully open or extreme conditions. Each observed site was equipped with three 

microclimate loggers, resulting in three replicate comparisons per gradient. While we refer to 

elevation, slope, and vegetation as gradients throughout the study, it is important to note that 

these were operationalized as binary contrasts. 
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The spatial layout of the contrasting pairs is shown in Fig. 6.1 and listed in Table 6.1. Loggers 

used for gradients of elevation and slope orientation (sites 1, 5, 7, and 8) were located at 600 m 

and 1400 m on both north- and south-facing slopes, all within dense forest. At each elevation, 

six loggers were deployed (three per slope orientation) totalling 12 units that simultaneously 

captured both gradients. Forest composition varied along the elevation gradient, with low-

elevation stands dominated by Nothofagus dombeyi and Austrocedrus chilensis, and high-

elevation sites by Nothofagus pumilio and dense Chusquea culeou understory. As shown in 

Table 1, aspect and elevation gradients were further subdivided to isolate the effect of a single 

variable while keeping other factors constant. Elevation was replicated at two slope 

orientations (north and south), and aspect at two elevations (600 m and 1400 m), ensuring that 

comparisons were not confounded by overlapping gradients. 

 

Figure 6.1 Overview of the study area in the Río Manso Valley showing the locations of microclimate loggers across 
three environmental gradients: vegetation structure, elevation, and slope orientation. Site numbers correspond to 
contrasting conditions used in the paired-sampling design (see Table 6.1). 

Table 6.1 Overview of environmental gradients used in the study, including definitions of buffered and exposed 
conditions and the corresponding site pairs. Each gradient represents a paired comparison between two sites 
differing in a single variable (elevation, slope orientation, or vegetation structure) while keeping other factors 
constant. Site numbers refer to locations shown in Fig. 6.1. 

Gradient label Definition of gradient (exposed vs. buffered) Site pairs 

E-N Low vs. high elevation on north-facing slopes 1 and 5 

E-S Low vs. high elevation on south-facing slopes 7 and 8 

A-H North- vs. south-facing slopes at high elevations 1 and 8 

A-L North- vs. south-facing slopes at low elevations 5 and 7 

V-M Medium-height vegetation vs. forest 1 and 2 

V-L Low-height vegetation vs. forest 3 and 4 

To examine vegetation effects under high solar exposure, loggers were deployed exclusively 

on north-facing slopes. This slope orientation also reflects the natural distribution of shrubland 

in the study area, which is largely confined to north-facing aspects, while south-facing slopes 

are typically forested (Gowda et al. 2012). At 1300 m, three loggers were installed in 

Nothofagus pumilio forest and three in adjacent low shrubland (sites 3 and 4), which featured 

sparse Nothofagus antarctica individuals under 1 m tall and patches of grass and bare ground. 

At 1400 m, three more loggers were placed in dense medium-height shrubland (1.5–2.5 m, 
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dominated by Nothofagus antarctica, site 2) and matched to the adjacent forest loggers (site 

1). Logger spacing was designed to balance local comparability with the ability to capture fine-

scale thermal variation.  

In addition, one logger was placed at 491 m in an open, flat area (site 6) to serve as a reference 

for thermal exposure at the valley bottom, independent of the paired design. The site conditions 

of the reference logger correspond to those of a standardized weather station on open 

grassland with regular mowing intervals. 

6.2.3 Statistical analysis 

Prior to analysis, we imported and pre-processed the temperature time series, including 

cleaning for missing, duplicated, and temporally misaligned records, and restricted all data to 

the austral summer months (December–February). To align with the natural diurnal 

temperature cycle, we computed four daily metrics for each logger: (i) maximum temperature 

(°C), (ii) minimum temperature (°C), (iii) warming rate (K per hour), and (iv) cooling rate (K per 

hour). These metrics were selected to characterize different aspects of thermal buffering 

capacity, capturing both peak temperature conditions and the temporal dynamics of warming 

and cooling at high temporal resolution. The warming rate was calculated from the last 

minimum temperature preceding the daily maximum, while the cooling rate was based on the 

subsequent minimum following the maximum. Importantly, the latter was defined as the first 

minimum occurring between two consecutive daily maxima, rather than being restricted to a 

fixed calendar day. 

𝑊 =  
𝛵𝑚𝑎𝑥 − 𝑇𝑚𝑖𝑛

←

𝑡𝑚𝑎𝑥 −  𝑡𝑚𝑖𝑛
←  

𝐶 =  
𝑇𝑚𝑎𝑥 − 𝑇𝑚𝑖𝑛

→

𝑡𝑚𝑎𝑥 −  𝑡𝑚𝑖𝑛
→  

Where 𝑊 and 𝐶 are the warming and cooling rates in K/hour, 𝑇𝑚𝑎𝑥 is the maximum temperature 

of the day in °C, 𝑇𝑚𝑖𝑛
←  is the last minimum temperature before 𝑇𝑚𝑎𝑥 in °C, 𝑇𝑚𝑖𝑛

→  is the first 

minimum temperature after 𝑇𝑚𝑎𝑥, and 𝑡𝑚𝑎𝑥, 𝑡𝑚𝑖𝑛
← , 𝑡𝑚𝑖𝑛

→  and are the corresponding timestamps 

to the measured temperature. For simplicity, we refer to these variables as “Warming”, “TMAX”, 

and “Cooling” in the figures. In addition to the main thermal metrics, we performed a 

supplementary analysis of summer frost exposure. For this, we calculated the number of nights 

with sub-zero temperatures, using a nighttime window from 20:00 to 10:00 the following day.  

Based on the paired sampling design, in which each buffered and exposed condition was 

represented by three replicates, we calculated daily differences in temperature metrics 

(warming rate, maximum temperature, cooling rate) per pair for each environmental gradient. 

∆𝑌 =  𝑌𝑒𝑥𝑝𝑜𝑠𝑒𝑑𝑖
−  𝑌𝑏𝑢𝑓𝑓𝑒𝑟𝑒𝑑𝑖
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Where 𝑌 represents 𝑊, 𝑇𝑚𝑎𝑥, or 𝐶 and 𝑖 is the 𝑖‐𝑡ℎ pair. This resulted in three ∆𝑌 values per 

day and gradient, reflecting replicate-level thermal differences. 

These daily differences were then used as response variables in linear mixed-effects models, 

fitted using the nlme package in RStudio (Pinheiro and Bates 2025). Each gradient was 

expected to yield 270 replicate-level temperature and rate differences (based on 3 replicates 

× 90 days), with each value representing the difference between exposed and buffered 

conditions. To ensure valid rate calculations, days with implausible warming or cooling patterns 

(e.g., 𝑇𝑚𝑖𝑛
←  after 𝛵𝑚𝑎𝑥) were excluded. This affected at most 7 days per contrast, resulting in 

minor variation in sample size across gradients (see Supplementary Table 6.1 and 6.2). 

To disentangle the influence of environmental gradients from the intensity of thermal forcing, 

we implemented a two-step modelling approach. In the first step, we fit linear mixed-effects 

models without covariates to estimate the average effect of each environmental gradient on 

thermal differences across the summer period. These models provide a baseline assessment 

of buffering strength under typical conditions. In the second step, we included the maximum 

temperature at the exposed site 𝑇𝑚𝑎𝑥
𝑒  as a covariate to test whether thermal differences scaled 

with external heat load. This variable served as a proxy for localized thermal forcing and 

allowed us to assess the extent to which microclimatic differences increased under more 

intense thermal conditions. 

In both steps, models were fitted separately for each environmental gradient and thermal 

metric. To account for residual variability between replicate sites (e.g., microsite effects) and 

temporal dependence in the data, we included a random intercept per replicate and an 

autoregressive correlation structure (AR(1)). Model assumptions, including residual normality, 

homoscedasticity, and autocorrelation, were checked using diagnostic plots and were met 

within acceptable limits. 

The model structure without covariate was: 

∆𝑌 ~ 1 + (1 | 𝑟𝑒𝑝𝑙𝑖𝑐𝑎𝑡𝑒) + 𝐴𝑅(1) 

The model structure with the covariate was: 

∆𝑌 ~ 𝑇𝑚𝑎𝑥
𝑒 + (1 | 𝑟𝑒𝑝𝑙𝑖𝑐𝑎𝑡𝑒) + 𝐴𝑅(1) 

where ∆𝑌 represents the daily difference in maximum temperature, warming slope, and cooling 

slope, respectively. 

To evaluate model performance, we calculated marginal and conditional R² following the 

framework proposed by Nakagawa and Schielzeth (2013) and extended by Johnson (2014). 

These metrics were computed using the MuMIn package in RStudio (Bartoń 2025). Model 

assumptions (normality of residuals, homoscedasticity, temporal structure) were validated 

using diagnostic plots and were met within acceptable limits. 
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6.3 Results 

6.3.1 Observed thermal patterns and microclimatic differences across gradients 

A descriptive analysis of the observed temperature data (Supplementary Table 6.1) reveals 

that the mean daily maximum temperature across all gradients was 25.2 °C (IQR = 8.0). The 

highest mean value was recorded at the low elevation north-facing slope (see Fig. 6.1, site 5), 

reaching 30.8 °C (IQR = 9.4). For comparison, the mean temperature at the reference site (see 

Fig. 6.1, site 6) was 32.3 °C (IQR = 8.5), indicating that all study sites exhibit some degree of 

thermal buffering. 

The average time of day when maximum temperatures occurred across all gradients was 15:00 

(IQR = 1.75 h). The earliest median time of daily maximum temperature was observed in the 

medium-height vegetation (see Fig. 6.1, site 2) at 13:30 (IQR = 1.5 h), while the latest occurred 

at high elevations on south-facing slopes (see Fig. 6.1, site 8) at 16:00 (IQR = 2.5 h). At the 

reference site, the median time of maximum temperature was 14:30 (IQR = 2 h).  

In addition to heat exposure, our site-averaged temperature records revealed occasional 

nighttime frost events during the austral summer (see Supplementary Table 6.2). The highest 

number of frost nights was recorded at the open valley-bottom reference site (see Fig. 6.1, site 

6), with 38 frost nights. Shrubland sites experienced 7 to 9 frost nights, while forest sites ranged 

from 0 to 9, depending on elevation and aspect. 

In models without covariates, warming, maximal temperature, and cooling differences between 

buffered and exposed microclimates varied substantially across gradients (Fig. 6.2). 

For the warming rate differences (Fig. 6.2 panel a and d; Supplementary Table 6.3), gradients 

V-L (0.97 K/h, p < 0.001), V-M (1.07 K/h, p < 0.05), E-S (0.86 K/h, p < 0.001), and A-H (0.68 K/h, 

p < 0.05) showed significant differences, while E-N (1.00 K/h, p = 0.213) and A-L (0.82 K/h, 

p = 0.075) were not statistically significant. Explained variance was heterogeneous, with 

conditional R² ranging from 0.15 (E-S) to 0.55 (V-M). 

For maximum temperature (Fig. 6.2 panel b and e; Supplementary Table 6.3), the strongest 

differences were observed in the elevation gradients, particularly on south-facing slopes (E-S: 

8.31 K) and north-facing slopes (E-N: 7.98 K), both statistically significant (p < 0.001 and 

p < 0.05). The low-height vegetation gradient (V-L) also showed a large and significant 

difference of 7.75 K (p < 0.001). In contrast, medium-height vegetation (V-M: 3.84 K) and the 

slope aspect gradients (A-H: 2.76 K, A-L: 2.33 K) displayed smaller differences, with A-L not 

reaching statistical significance (p = 0.192). Despite these pronounced mean differences, 

conditional R² values again varied widely, from very low in A-H (0.004) to high in E-N (0.82). 

Cooling rate differences (Fig. 6.2 panel c and f; Supplementary Table 6.3) were generally 

smaller. Significant differences were detected for both vegetation gradients: V-L (0.67 K/h, p < 
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0.001) and V-M (0.25 K/h, p < 0.001), while all other gradients showed lower effect sizes and 

were not statistically significant (p > 0.1). Conditional R² values ranged from 0.06 (V-M) to 0.57 

(E-N). 

 

Figure 6.2 Daily differences in (a, d) warming rate (K/h), (b, e) maximum temperature (K), and (c, f) cooling rate 
(K/h) between buffered and exposed sites across six environmental gradients: vegetation structure (low-height [V-
L], medium-height [V-M]), elevation (north-facing [E-N], south-facing [E-S]), and slope orientation (high elevation 
[A-H], low elevation [A-L]). Panels (a–c) show marginal means (±95% confidence intervals) estimated from linear 
mixed-effects models fitted with an autoregressive correlation structure. Solid lines indicate statistically significant 
differences (p < 0.05); dashed lines indicate non-significant results. Panels (d–f) display conditional R² values for 
each model, reflecting the proportion of variance explained by both fixed and random effects. 

6.3.2 Temperature-dependent variation in microclimatic buffering strength 

When maximum temperature at the exposed site was included as a covariate, buffering 

strength showed a significant temperature dependence across all gradients and temperature 

variables (Fig. 6.3). While significance levels for the V-M and A-L gradients reached p < 0.05 

and p < 0.005, respectively, all other gradients consistently showed stronger effects with p < 

0.001. 

For warming rate differences (Fig. 6.3 panel a and d, Supplementary Table 6.4), all gradients 

showed significant positive relationships with maximum temperature at the exposed site. Slope 

estimates ranged from 0.042 (A-H) to 0.074 (E-S), with the strongest explanatory power in the 

elevation gradient on south-facing slopes (E-S: marginal R² = 0.43), followed by V-L (0.25). 

Gradients V-M, A-L, and E-N showed low to moderate relationships (marginal R² between 0.07 

and 0.11), whereas conditional R² values remained high across most gradients. 
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For maximum temperature differences (Fig. 6.3 panel b and e; Supplementary Table 6.4), all 

gradients showed highly significant and positive relationships, indicating once again that 

temperature differences between buffered and exposed sites increased with rising maximum 

temperatures at the exposed site. The strongest slope was observed in the low-height 

vegetation gradient (V-L: 0.417), followed by E-S (0.287), A-H (0.243), and A-L (0.195). 

Weaker but still significant relationships were found in V-M and E-N (both 0.116). The 

explanatory power varied considerably between gradients: the V-L contrast showed the 

highest marginal R² (0.57), indicating a strong effect of maximum temperature at the exposed 

site, while the E-N contrast had a low marginal R² (0.02) but high conditional R² (0.80), 

suggesting that most variation was explained by random effects rather than temperature-driven 

differences. 

Cooling rate differences (Fig. 6.3 panel c and f; Supplementary Table 6.4) also showed 

significant positive relationships across all gradients. While slope estimates were consistently 

smaller than for warming rate differences (ranging from 0.005 in V-M to 0.030 in V-L), most 

relationships were statistically robust. The V-L gradient stood out with the highest slope (0.030) 

and marginal R² (0.33), while other gradients had weaker effect sizes and marginal R² values 

mostly below 0.17.  

 

Figure 6.3 Temperature-dependent amplification of microclimatic differences in (a, d) warming rate (K/h), (b, e) 
maximum temperature (K), and (c, f) cooling rate (K/h) across six environmental gradients: vegetation structure 
(low-height [V-L], medium-height [V-M]), elevation (north-facing [E-N], south-facing [E-S]), and slope orientation 
(high elevation [A-H], low elevation [A-L]). Panels (a–c) show model-estimated slopes (±95% confidence intervals) 
from linear mixed-effects models with maximum temperature at the exposed site as a covariate. These slopes 
quantify how thermal differences between buffered and exposed sites scale with increasing heat load. Solid lines 
indicate statistically significant relationships (p < 0.05); dashed lines indicate non-significant trends. Panels (d–f) 

display marginal (left) and conditional (right) R² values for each model. 
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To visualize how microclimatic differences change across temperature regimes, we compared 

model predictions at 15 °C and 30 °C for all three metrics and six gradients (Fig. 6.4). Patterns 

varied between gradients and metrics. Among all gradients, V-L showed the strongest and 

most consistent increases at 30 °C, clearly separating it from most other gradients across all 

comparisons. Elevation gradients showed strong shifts in warming rates, particularly on south-

facing slopes (E-S), whereas warming rate differences were more pronounced in the V-M 

gradient. These patterns illustrate that the magnitude and direction of buffering effects are not 

constant but vary across gradients and temperature levels. 

 

Figure 6.4 Predicted differences in microclimatic buffering across six environmental contrasts at fixed exposed-site 
temperatures of 15 °C and 30 °C. Arrows indicate the shift in predicted differences in warming rate, cooling rate, 
and maximum temperature between buffered and exposed sites as heat load increases. Each point represents 
model-derived differences at 15 °C (arrow base) and 30 °C (arrow tip) for a given contrast. Results illustrate the 
temperature-dependent and multidimensional nature of microclimatic buffering (compare Fig. 6.3). 

6.4 Discussion 

6.4.1 Differences in thermal buffering capacity and sensitivity across vegetation, 

elevation, and slope orientation 

Our findings confirm that microclimatic buffering near the ground is not a static property but 

varies with environmental context and thermal load (Davis et al. 2019; De Frenne et al. 2019; 

Starck et al. 2025). We detected consistent microclimatic differences between buffered and 

exposed sites, but the magnitude, direction, and statistical significance of these effects varied 

across gradients and thermal metrics. This variation highlights distinct patterns of microclimatic 

divergence and thermal sensitivity among vegetation, elevation, and slope gradients.  

Vegetation structure exerted the strongest and most consistent buffering effect. Dense forest 

cover of Nothofagus pumilio strongly suppressed thermal maxima and moderated both 

warming and cooling rates compared to adjacent low-height (<1 m) vegetation. This pattern is 

consistent with earlier findings on the buffering role of forest structural complexity and canopy 

closure (Jucker et al. 2018; Díaz-Calafat et al. 2023; Csölleová et al. 2024; John et al. 2024), 

and further supported by regional observations from Simon et al. (2024), who reported 

pronounced temperature differences between dense forest stands and canopy gaps. While 

both low-height (<1 m) and medium-height (1.5-2.5 m) vegetation structures differed 
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significantly from forests, their buffering capacities varied. Low-height vegetation showed 

consistently strong differences in warming rate, maximum temperature, and cooling rate, with 

greater sensitivity under warmer conditions. In contrast, medium-height vegetation showed 

weaker differences and lower sensitivity, particularly for cooling rate and maximum 

temperature. This supports findings from post-fire landscapes where sparse or low-stature 

vegetation allows intense daytime heating and limited nocturnal retention (Marsh et al. 2022b; 

Marsh et al. 2022a). Even modest increases in vegetation height can reduce thermal variability, 

a pattern consistent with vegetation–microclimate feedbacks (D'Odorico et al. 2010; D'Odorico 

et al. 2013). Notably, the frequency of summer frost nights further illustrates these differences 

in thermal exposure: the low-height vegetation experienced 9 frost nights, compared to just 1 

in its paired forest. In contrast, the medium-height vegetation recorded 7 frost nights, slightly 

fewer than its adjacent forest site with 9. The open valley-bottom reference site showed the 

highest exposure, with 38 frost nights. These results highlight the dual exposure to both heat 

and cold extremes in open microsites, particularly those with sparse or low-stature vegetation. 

Topographic gradients showed more complex and less consistent buffering patterns. In the 

elevation contrasts, south-facing slopes exhibited both large differences in maximum 

temperature and strong temperature dependence. In contrast, north-facing slopes also 

exhibited large temperature differences but much weaker relationships with maximum 

temperature. This asymmetry suggests that elevation interacts with slope orientation, with 

north-facing sites potentially reaching thermal saturation more quickly under strong solar 

exposure. These findings underscore that elevation alone is not a reliable predictor of 

buffering, given its interaction with landscape position and atmospheric coupling (Dobrowski 

2011). Slope aspect gradients showed limited and variable buffering patterns compared to 

vegetation and elevation contrasts. Slope aspect gradients showed more limited and variable 

buffering patterns compared to vegetation and elevation contrasts. In both aspect gradients, 

differences in maximum temperature between buffered and exposed sites were moderate in 

magnitude, with only the high-elevation gradient reaching statistical significance. While these 

effects were smaller than those observed in elevation or vegetation contrasts, the aspect 

gradient at high elevation showed a significant amplification of thermal differences with rising 

temperatures at the exposed site. This suggests that slope orientation is a less important driver 

of microclimatic buffering compared to vegetation structure and elevation, with meaningful 

effects only emerging under specific conditions such as high elevation and elevated 

temperatures. 

Together, these results underscore that microclimatic buffering is a multidimensional, spatially 

and temporally variable process. Vegetation structure, elevation, and slope orientation interact 

to mediate thermal exposure near the surface. Spatially explicit, high-resolution temperature 

data remain essential for understanding this variability (De Frenne et al. 2021; Csölleová et al. 
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2024). These insights are especially relevant for improving forest microclimate models, such 

as those by Fierke et al. (2025) in northern Patagonia, which currently underrepresent fine-

scale effects of vegetation structure and topography. By quantifying how buffering capacity 

varies across environmental gradients and with thermal intensity, our study contributes data 

essential for parameterizing and validating these models, thereby enhancing their ecological 

realism and utility. 

6.4.2 Potential implications for microclimate-sensitive processes in fire-prone 

landscapes 

Our findings provide a framework for understanding how near-surface microclimates mediate 

key ecological processes in fire-prone landscapes, particularly forest regeneration and surface 

flammability. Seedling establishment is highly sensitive to microsite conditions, with near-

surface temperature dynamics influencing germination, dehydration risk, and early growth 

(Espinosa del Alba et al. 2024; Hill et al. 2024). Forested sites, which exhibited consistent 

thermal buffering, may function as microrefugia for early life stages by protecting seedlings 

from increasingly frequent heat extremes (von Arx et al. 2013). In contrast, structurally open 

shrublands showed sharp diurnal temperature fluctuations, combining high daytime heat with 

rapid nocturnal cooling. These regimes may expose seedlings to multiple stressors, potentially 

favouring fast-growing, heat-tolerant species, while limiting recruitment of shade- or drought-

sensitive taxa and altering successional dynamics. At the same time, exposed microsites such 

as shrublands and north-facing slopes at low elevation are more prone to surface fuel drying, 

which increases ignition probability and fire spread during hot and dry conditions (Blackhall et 

al. 2017; Barberá et al. 2023). These patterns align with fire probability models in northwestern 

Patagonia, where burn risk is highest in low elevations with intermediate precipitation and 

flammable vegetation like shrublands. (Barberá et al. 2025). While Barberá et al. (2025) 

identified statistical relationships between fire occurrence, vegetation, and environmental 

factors, our results provide microclimatic insight at fine spatial scale. On north-facing slopes, 

open vegetation promoted high near-surface temperatures and rapid thermal shifts, conditions 

that intensify fuel drying. Although our vegetation contrasts were limited to north-facing slopes, 

the consistent patterns observed suggest vegetation structure alone can shape microclimate 

and fire risk. Moreover, recurrent fires in these environments may reinforce thermal extremes 

by reducing structural complexity and promoting shrub encroachment, creating feedbacks that 

sustain flammable landscape states (Paritsis et al. 2015; Tiribelli et al. 2018). These coupled 

patterns show how microclimate regulates both regeneration and disturbance risk, and how 

each process may reinforce the other. By quantifying fine-scale thermal variation across 

vegetation and topographic gradients, our study helps refine spatial predictions of these 

interacting dynamics under climate change. 
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6.4.3 Limitations and future directions 

While our study provides detailed insights into thermal buffering across vegetation, elevation, 

and slope orientation, several limitations should be acknowledged. Although our sensor 

network captures fine-scale near-surface temperature variation, it does not include other 

variables such as humidity, wind, or radiation, which also influence buffering (Davis et al. 2019) 

and fire risks. Second, our design focuses on binary contrasts (e.g., forest vs. low- and 

medium-height vegetation), which limits our ability to assess microclimatic gradients along 

continuous structural or compositional transitions. This may overlook gradual vegetation 

changes and edge effects (Meeussen et al. 2021). Finally, while we recorded a full year of data 

including several heat events, longer-term monitoring is needed to assess interannual variation 

and cumulative impacts, particularly in relation to large-scale climate drivers such as the El 

Niño–Southern Oscillation and the Southern Annular Mode. 

Future studies should integrate parameters such as soil moisture, humidity, wind, and radiation 

to allow a more complete evaluation of buffering. The use of remote sensing, including Lidar-

based vegetation structure data, could help quantify forest structural complexity and extend 

the spatial scope of these findings. Linking microclimate data to weather stations would 

improve upscaling and integration with climate models. Overall, this study represents a first 

step toward a broader framework for understanding and managing landscape-level climate 

resilience in forest ecosystems of northern Patagonia. 
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6.10  Supplementary information 

Supplementary Table 6.1 Summary statistics of temperature and diurnal metrics recorded at eight study sites in 
the Río Manso Valley during the austral summer. Variables include daily maximum temperature (TMAX), minimum 
temperature (TMIN), and their respective times of occurrence (TMAX Time, TMIN Time), as well as warming and 
cooling rates. For each variable and site, sample size (n), median, interquartile range (IQR), minimum (Min), and 

maximum (Max) are reported. Time values are presented in HH:MM format. 

Variable Site n Median IQR Min Max 

TMAX 1 264 23.16 7.56 6.63 39.75 
 

2 264 27.28 8.48 7.50 39.94 
 

3 264 20.63 7.30 6.19 34.25 
 

4 265 28.50 9.44 6.63 44.00 
 

5 268 30.75 9.41 10.75 51.38 
 

6 90 32.28 8.47 17.38 41.50 
 

7 264 28.56 8.92 12.44 46.81 
 

8 263 20.19 7.50 6.75 34.69 

TMIN 1 264 5.81 5.28 -1.88 13.38 
 

2 264 4.84 5.58 -2.25 13.13 
 

3 264 6.16 5.25 -1.13 13.81 
 

4 265 4.56 5.75 -3.38 13.75 
 

5 268 9.31 4.33 2.75 16.88 
 

6 90 1.19 8.61 -5.38 24.63 
 

7 264 9.00 4.52 2.00 17.13 
 

8 263 6.38 5.47 -1.56 14.88 

TMAX Time 1 264 14:30 1:30 10:00 17:15 
 

2 264 13:30 1:30 h 10:45 17:15 
 

3 264 15:15 2:00 h 10:45 19:30 
 

4 265 15:30 2:00 h 10:30 19:30 
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5 268 14:15 2:15 h 10:30 17:30 

 
6 90 14:30 2:00 h 0:00 22:00 

 
7 264 15:30 0:45 h 12:30 19:00 

 
8 263 16:00 2:30 h 10:15 19:30 

TMIN Time 1 264 06:30 01:15 h 02:00 08:15 
 

2 264 06:15 01:15 h 01:30 08:30 
 

3 264 06:30 01:15 h 02:00 09:15 
 

4 265 06:15 01:30 h 00:30 09:00 
 

5 268 07:15 00:45 h 00:30 09:30 
 

6 90 06:30 01:15 h 00:00 22:45 
 

7 264 07:00 01:00 h 02:00 09:30 
 

8 263 06:15 01:37 h 01:15 09:30 

WARMING 1 264 1.97 1.05 0.35 4.77 
 

2 264 3.18 1.30 0.47 5.91 
 

3 264 1.59 0.61 0.30 3.72 
 

4 265 2.65 1.42 0.38 5.00 
 

5 268 2.85 1.63 0.61 7.56 
 

6 90 3.70 2.14 0.57 6.28 
 

7 264 2.36 1.22 0.34 4.12 
 

8 263 1.38 0.59 0.24 3.50 

COOLING 1 264 1.07 0.37 0.19 2.00 
 

2 264 1.33 0.35 0.39 2.06 
 

3 264 0.92 0.30 0.18 2.24 
 

4 265 1.57 0.61 0.21 3.44 
 

5 268 1.27 0.54 0.25 2.60 
 

6 90 2.02 0.87 0.20 3.26 
 

7 264 1.20 0.54 0.21 2.64 
 

8 263 0.93 0.40 0.16 2.04 

 

Supplementary Table 6.2 Number of summer frost nights (nights with at least one 15-minute interval below 0 °C) 
recorded at each study site during the period from 15 February 2024 to 13 February 2025, based on site-averaged 
temperature data. Frost nights were identified using nighttime temperature data (20:00–10:00), and sites are 

grouped by vegetation structure, elevation, and slope orientation as described in Figure 1. 

Site Description Frost nights (n) 

1 Forest, 1400 m, north 9 

2 Medium-height vegetation, 1400 m, north 7 

3 Forest, 1300 m, north 1 

4 Low-height vegetation, 1300 m, north 9 

5 Forest, 600 m, north 0 

6 Open site, 491 m, flat 38 

7 Forest, 600 m, south 0 

8 Forest, 1400 m, south 8 
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Supplementary Table 6.3 Results of linear mixed-effects models quantifying absolute differences in warming rate 
(K/h), maximum temperature (K), and cooling rate (K/h) between buffered and exposed microclimates across six 
environmental gradients: vegetation structure (low-height [V-L], medium-height [V-M]), elevation (north-facing [E-
N], south-facing [E-S]), and slope orientation (high elevation [A-H], low elevation [A-L]). For each variable and 
gradient, model estimates (intercept), standard error (SE), t-value, and p-value are shown. Marginal (R² m) and 
conditional (R² c) R² values indicate the variance explained by fixed effects alone and by the full model including 
random effects, respectively. 

Variable Gradient n (days) Intercept SE t-value p-value R² (m) R² (c) 

Warming 

V-L 264 0.97 0.17 5.68 <0.001 0 0.18 

V-M 264 1.07 0.48 2.24 0.0262 0 0.55 

E-N 264 1.00 0.80 1.25 0.2128 0 0.67 

E-S 263 0.86 0.18 4.81 <0.001 0 0.15 

A-H 263 0.68 0.28 2.44 0.0154 0 0.35 

A-L 263 0.82 0.46 1.79 0.0750 0 0.47 

TMAX 

V-L 264 7.75 0.73 10.64 <0.001 0 0.09 

V-M 264 3.84 1.16 3.31 0.0011 0 0.43 

E-N 264 7.98 3.62 2.20 0.0286 0 0.82 

E-S 263 8.31 2.20 3.77 <0.001 0 0.44 

A-H 263 2.76 0.41 6.70 <0.001 0 0.00 

A-L 263 2.33 1.78 1.31 0.1920 0 0.36 

Cooling 

V-L 264 0.67 0.08 8.78 <0.001 0 0.09 

V-M 264 0.25 0.03 7.53 <0.001 0 0.06 

E-N 264 0.24 0.15 1.59 0.1138 0 0.57 

E-S 263 0.28 0.19 1.50 0.1350 0 0.47 

A-H 263 0.10 0.06 1.64 0.1028 0 0.12 

A-L 263 0.05 0.09 0.64 0.5214 0 0.17 
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Supplementary Table 6.4 Results of linear mixed-effects models including maximum temperature at the exposed 
site as a covariate. Models quantify absolute differences in warming rate (K/h), maximum temperature (K), and 
cooling rate (K/h) between buffered and exposed microclimates across six environmental gradients: vegetation 
structure (low-height [V-L], medium-height [V-M]), elevation (north-facing [E-N], south-facing [E-S]), and slope 
orientation (high elevation [A-H], low elevation [A-L]). For each variable and gradient, model estimates (intercept 
and slope), standard error (SE), t-value, and p-value are shown. Marginal (R² m) and conditional (R² c) R² values 
indicate the variance explained by fixed effects alone and by the full model including random effects, respectively. 

Variable Gradient n (days) Intercept Slope SE t-value p-value R² (m) R² (c) 

Warming 

V-L 264 -0.23 0.043 0.005 9.00 <0.001 0.25 0.32 

V-M 264 -0.10 0.044 0.007 6.32 <0.001 0.07 0.63 

E-N 264 -0.87 0.061 0.010 6.19 <0.001 0.09 0.63 

E-S 263 -1.24 0.074 0.006 12.67 <0.001 0.43 0.47 

A-H 263 -0.27 0.042 0.006 6.87 <0.001 0.13 0.40 

A-L 263 -0.59 0.046 0.009 5.36 <0.001 0.11 0.40 

TMAX 

V-L 264 -3.89 0.417 0.022 18.80 <0.001 0.57 0.57 

V-M 264 0.77 0.116 0.023 5.14 <0.001 0.06 0.49 

E-N 264 4.40 0.116 0.032 3.70 <0.001 0.02 0.80 

E-S 263 0.18 0.287 0.032 9.02 <0.001 0.15 0.52 

A-H 263 -2.78 0.243 0.029 8.27 <0.001 0.21 0.21 

A-L 263 -3.63 0.195 0.039 4.97 <0.001 0.10 0.29 

Cooling 

V-L 264 -0.17 0.030 0.003 10.52 <0.001 0.33 0.33 

V-M 264 0.12 0.005 0.002 2.44 0.0154 0.02 0.08 

E-N 264 -0.05 0.009 0.002 4.08 <0.001 0.05 0.51 

E-S 263 -0.43 0.025 0.003 8.75 <0.001 0.17 0.57 

A-H 263 -0.19 0.012 0.003 4.82 <0.001 0.08 0.28 

A-L 263 -0.22 0.009 0.003 2.94 0.0036 0.04 0.14 
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7. Synthesis and outlook 

7.1 Synthesis of main findings 

This thesis addressed how climate data at different spatial scales can be used to improve our 

understanding of forest ecosystem responses to climate change in mountainous regions. By 

addressing research questions Q1-Q5 through three empirical studies, the work examined the 

interplay between macroclimatic data and their uncertainties (Fierke et al. 2024), microclimatic 

drivers and the interpolation of in-situ measurements to the landscape scale (Fierke et al. 

2025), and thermal buffering processes analysed at a localized scale (Fierke et al. submitted-

b). Taken together, the findings show that the regions of highest ecological sensitivity are also 

those where climate representation is most uncertain and where fine-scale processes exert 

the greatest control over local conditions. 

Addressing Q1 and Q2, the comparison between CHELSA v2.1 and WorldClim v2.1 revealed 

substantial discrepancies in both temperature- and precipitation-related estimates for northern 

Patagonia, with precipitation showing the largest divergences. For example, a precipitation-

related index representing median conditions in CHELSA corresponds to values at the upper 

extreme in WorldClim, highlighting the pronounced differences in their estimation of 

precipitation patterns, particularly in high-elevation zones. These discrepancies translated into 

notable divergences in projections of bioclimatic zones under future scenarios, with differences 

in predicted extents varying by zone and reaching up to approximately 20 percent. This 

indicates that macroclimatic dataset choice can fundamentally alter assessments of forest 

vulnerability in mountain environments, particularly in steep and data-sparse terrain. On the 

contrary, certain consistent trends across datasets can still be identified, providing potential 

guidance for setting research priorities and informing environmental planning (Fierke et al. 

2024).  

The implications of these macroclimate uncertainties become clearer when integrated with the 

findings from Q3 and Q4. Spatial modelling of microclimatic conditions across multiple vertical 

levels at 30 m resolution estimated how monthly temperature and moisture patterns within 

forests were jointly influenced by macroclimatic, vegetation, and terrain-related drivers. 

Macroclimatic data from nearby weather stations remained the dominant predictors for 

aboveground conditions, explaining roughly 50 to 80 percent of the observed variation, yet the 

inclusion of remote-sensing products substantially improved accuracy. Individual vegetation 

indices such as FAPAR, NDMI, and LAI, alongside topographic variables including solar 

radiation and distance to sink, enhanced predictions in ways that reflected seasonal and 

vertical complexity. These patterns emphasize that vegetation structure and dynamics exert a 

substantial influence on microclimate and point towards the value of integrating high-resolution 
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canopy data, such as LiDAR, into future modelling efforts. Nevertheless, the reliability of 

predictions varied depending on both microclimatic response variable and season. While 

maximum temperatures were reproduced with relatively high accuracy, minimum temperatures 

proved harder to capture. The fluctuating importance of predictors across depths and months 

illustrates the inherently dynamic and heterogeneous nature of forest microclimates, while also 

highlighting the challenge of identifying suitable satellite-based indices at high spatial and 

temporal resolution. Taken together with the inconsistencies identified in macroclimatic 

products, these results suggest that assessments of forest vulnerability cannot rely on regional 

climate layers alone. Instead, they require explicit integration of vegetation and terrain effects, 

thus acknowledging the dynamic vegetation processes such as seasonal changes in canopy 

cover and forest structural development that strongly shape microclimatic conditions but 

remain difficult to represent at broader scales (Fierke et al. 2025). 

These insights correspond to Q5, which examined microclimatic buffering during summer heat 

events at a localized scale. Buffering strength, defined as the temperature difference between 

buffered and exposed sites, increased with higher maximum temperatures at exposed sites. 

In vegetation contrasts, differences exceeded 8 K between forest and adjacent shrubland 

under hot background conditions, highlighting the strong role of canopy cover in mitigating heat 

stress. Elevation and slope orientation also contributed to buffering but in less consistent ways. 

On south-facing slopes, contrasts between high and low elevations became more pronounced 

with rising heat, whereas north-facing slopes showed weaker or declining differences. At high 

elevations, slope aspect exerted only modest influence on maximum temperatures. Overall, 

Q5 underscored that buffering responses are not uniform across the landscape but differ in 

strength and mechanism depending on the environmental gradient considered. Vegetation 

provided the strongest and most consistent thermal buffering, while topographic contrasts 

offered more conditional effects that sometimes weakened under extremes (Fierke et al. 

submitted-b). 

Viewed together, the answers to Q1-Q5 reveal an overarching pattern: the areas where 

macroclimatic datasets disagree most are often the locations where fine-scale vegetation and 

terrain effects exert a strong control on microclimate, and where buffering potential is highest 

during extremes. This alignment suggests that improving ecological assessments in mountain 

forests requires not only better macroclimate data, but also explicit integration of microclimatic 

processes. Moreover, the seasonal shifts in predictor importance (Q4) and the amplification of 

buffering with rising heat (Q5) indicate that spatial patterns alone are insufficient, as temporal 

dynamics are equally critical. This underscores the need for extensive data on dynamical 

changes to improve climate models that integrate vegetation. 

The synthesis therefore underscores three central conclusions.  
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First, macroclimatic data in complex terrain carry systematic uncertainties that affect 

ecological forecasts, making dataset choice a non-trivial decision for modelling forest 

responses to climate change. This is particularly important in transitional environments such 

as treelines, forest edges, and canopy gaps, which represent distinct types of transitions but 

share the characteristic of concentrating key ecological processes including species range 

shifts, regeneration dynamics, and disturbance responses.  

Second, thermal buffering is not a static property but one that intensifies under extreme heat, 

suggesting that the capacity of mountain forests to act as microrefugia may be greater during 

the most critical periods, but only in specific landscape settings.  

Together, these conclusions provide an integrated response to the overarching thesis aim: 

understanding forest ecosystem responses in mountain regions requires bridging macro- and 

microclimatic perspectives, focusing on where the uncertainties in climate representation 

overlap with the strongest local controls on temperature and moisture. By linking Q1-Q5 into a 

unified perspective, this thesis shows that such integration is essential for advancing both 

ecological theory and applied conservation planning in the face of climate change. 

7.2 From macroclimatic uncertainty to microclimatic evidence: 

Implications for forest dynamics and management in northern 

Patagonia 

The following section appears as originally written in the book chapter Climate variations 

across landscape gradients of northern Patagonian Andean forests: lessons from high-

resolution climate datasets and microclimatic records, submitted to Springer Nature as 

part of the edited volume Ecology, Structure and Dynamics of the Central Patagonian Andean 

Forest and Derivations for Ecosystem-Based Management. It outlines how microclimatic 

processes influence forest dynamics in northern Patagonia and what this implies for 

ecosystem-based management (Fierke et al. submitted-a). For smoother integration, the 

opening paragraph of the original chapter has been omitted. 

In northern Patagonia, ecological processes such as fire dynamics, post-disturbance 

regeneration, and long-term vegetation change are closely related to climatic conditions. The 

region’s complex topography and vegetation mosaic create distinct thermal and moisture 

conditions that influence the probability, behaviour, and ecological impact of wildfires (Barberá 

et al. 2025). While large-scale climatic drivers like El Niño-Southern Oscillation (ENSO), the 

Antarctic Oscillation (AAO), and interannual climatic variability set the stage for fire-prone 

periods (Kitzberger and Veblen 1997; Holz and Veblen 2011; Holz et al. 2012; Barberá et al. 

2023), local vegetation structure and site conditions modulate flammability and fire severity. 

For example, continuous canopy cover and productive forest types are often associated with 
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cooler and moister understorey conditions, which reduce fuel flammability and can reduce fire 

occurrence and frequency (Mermoz et al. 2005; Blackhall et al. 2017; Barberá et al. 2023; 

Tiribelli et al. 2024). Following disturbance, microclimatic conditions such as light availability, 

temperature, and moisture regimes strongly affect plant development and phenological 

processes (Paritsis et al. 2006). Canopy cover, in particular, influences the thermal 

environment that determine regeneration success (Paritsis et al. 2015; Tepley et al. 2018). 

Over time, these fine-scale drivers contribute to divergent vegetation trajectories: repeated 

fires, combined with warmer, drier microclimates, can favour a shift from forest to shrub-

dominated systems, especially where regeneration is limited by post-disturbance stress 

(Paritsis et al. 2015; Kitzberger et al. 2016). With ongoing climate change, fire activity in 

northern Patagonia is expected to intensify (Kitzberger et al. 2022; Barberá et al. 2025), further 

reinforcing these feedbacks and accelerating vegetation transitions (Landesmann et al. 2021). 

Recognizing the ecological importance of microclimatic variation also opens up opportunities 

for proactive forest and ecosystem management (Kemppinen et al. 2024). Rather than viewing 

microclimate as a static setting, it can be actively considered and shaped to buffer ecosystems 

against climate change impacts (Hylander et al. 2022). In forested landscapes with high 

topographic heterogeneity such as northern Patagonia, this could include the identification and 

protection of areas that function as microclimatic refugia, which are cooler and moister sites 

that offer stable conditions for regeneration and species persistence (Scheffers et al. 2014; 

Keppel et al. 2015; Suggitt et al. 2018; Wolf et al. 2021). Forest cover plays a central role in 

creating such refugia, with tall, mature forest stands enhancing local thermal buffering (Fierke 

et al. submitted-b; Frey et al. 2016b) and moisture buffering (Davis et al. 2019; Simon et al. 

2024). Management strategies that retain canopy cover (e.g., continuous cover forestry) and 

minimize fragmentation, particularly in habitats that harbour cold-adapted species, can help 

preserve these beneficial microclimates in a warmer and drier future of northern Patagonia. 

Moreover, recent work in European beech forests suggests that promoting landscape-scale 

heterogeneity through a mix of managed and unmanaged forest types, rather than focusing 

solely on structural complexity within stands, can enhance microclimatic diversity and support 

biodiversity and resilience goals (Menge et al. 2023). While these findings offer relevant 

insights, their applicability to Patagonian Nothofagus forests remains uncertain, particularly 

given the potential influence of bamboo-dominated understories in canopy gaps, which may 

affect both microclimate and fire risk. Further studies are needed to assess these dynamics in 

the southern Andes. Nevertheless, existing studies from Patagonia demonstrate that spatially 

variable canopy retention can recreate diverse microenvironments within harvested N. pumilio 

stands, supporting both regeneration and resilience under changing climatic conditions 

(Martínez Pastur et al. 2011; Martínez Pastur et al. 2014). Beyond forested habitats, non-

forested features may also function as microrefugia; for instance, rock outcrops on south-
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facing slopes were found to harbour cooler conditions and cold-adapted species in northern 

Patagonia (Speziale and Ezcurra 2015). Taken together, these examples show that managing 

for microclimatic diversity through structural retention, landscape heterogeneity, and the 

protection of natural refugia offers a tangible yet often overlooked opportunity to foster 

resilience in the forests of northern Patagonia. 

Beyond these long-term benefits, microclimatic data also offer practical value for operational 

fire management. Local measurements of temperature and humidity within forests can improve 

the spatial resolution and predictive power of fire danger indices, especially in structurally 

diverse or topographically complex areas. This is particularly relevant for components such as 

the fuel moisture codes of the Canadian Forest Fire Weather Index (FWI) system, which 

estimate the moisture content of surface and subsurface fuels (Wagner 1987) and are highly 

sensitive to localized microclimatic conditions. Thus, incorporating microclimate into fire 

monitoring systems may help anticipate ignition risk, refine suppression strategies, and identify 

areas where natural fire breaks or refugia could be preserved or enhanced (Just et al. 2016). 

In this way, microclimatic information becomes not only a conservation asset but a tool for 

early warning and more targeted wildfire control.  

The recognition that microclimates can be actively shaped through management not only offers 

practical tools for adaptation but also points to a broader need: to better integrate microclimatic 

knowledge into both science and practice. This chapter has shown that microclimatic insights 

are essential for understanding ecological processes in northern Patagonia, and for potentially 

influencing them to adapt forest management to the realities of climate change. However, 

microclimate research in the region is still in its early stages. Data availability, methodological 

consistency, and modelling capacity remain limited. Against this background, five key lessons 

emerge from this chapter that can guide both forest management and future research efforts. 

(1) Macroclimatic datasets have value but also limitations: While widely used datasets 

such as CHELSA and WorldClim capture general climatic gradients, they can diverge in 

absolute values, especially for precipitation, and often miss fine-scale variation critical for 

ecological applications. 

 

(2) Microclimatic variability is ecologically meaningful: Forest microclimates in northern 

Patagonia show strong and consistent patterns across elevation, vegetation types, and 

slope orientation, shaping exposure to thermal extremes. 

 

(3) Vegetation height is a key driver of thermal buffering: High-growing N. pumilio forests 

consistently reduced daytime temperature maxima and moderated diurnal fluctuations 

compared to adjacent N. antarctica shrublands, particularly those of low stature (<1 m) with 
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open vegetation. These results suggest that taller, more vertically developed vegetation 

formations provide stronger microclimatic buffering than shorter shrublands. 

(4) Microclimate responds dynamically to climate forcing: The strength of microclimatic 

contrasts increases under hot conditions, underlining their importance for understanding 

and managing climate extremes. 

 

(5) Modelling microclimate at landscape scale is feasible: In northern Patagonia, spatial 

models that combine high resolution observations with satellite-based predictors such as 

local macroclimatic data including air temperature and relative humidity, vegetation indices 

like NDMI and FAPAR, and topographic variables including distance to sink and solar 

radiation have successfully estimated microclimatic conditions across different vertical 

levels and seasons. However, to fully unlock the ecological and management value of such 

models, two types of complementary data are needed: first, improved predictor variables 

to enhance model performance, such as vegetation structure derived from airborne laser 

scanning or other high-resolution remote sensing sources; and second, ecological target 

variables such as species occurrences and fuel moisture to ensure that model outputs are 

relevant for biodiversity assessments and management planning. 

7.3 Conceptual and methodological contributions 

This thesis contributes to the conceptual integration of landscape ecology and 

microclimatology by showing how heterogeneity and scale shape the climatic conditions 

organisms experience in mountain forests, and how uncertainty affects their measurement and 

representation. A first contribution lies in highlighting the role of uncertainty as an integral part 

of bioclimatology. Differences between climate datasets were not only a technical obstacle but 

reflected the difficulty of representing processes in complex terrain (Fierke et al. 2024). 

Recognizing uncertainty in this way aligns with landscape ecology’s emphasis on 

heterogeneity and underlines the need to treat data limitations and inherent variability as part 

of ecological inference rather than as external to it. While one could argue that all uncertainty 

ultimately reflects limitations of data and knowledge, ecological complexity ensures that some 

degree of uncertainty will always remain, even with improved datasets and models (Beckage 

et al. 2011). Importantly, acknowledging uncertainty in this way does not exclude continued 

work to fill uncertainty gaps through better data and models (Simmonds et al. 2024), but 

situates these efforts within a framework that sees uncertainty as intrinsic to ecological 

systems. For conservation planning and resource management, this implies that uncertainty 

should be treated not only as a challenge to be reduced, but also as a condition to be actively 

managed (Burgman et al. 2005). Strategies that emphasize adaptive management, scenario 

planning, and resilience-building are particularly valuable in systems where uncertainty cannot 

be eliminated (Peterson et al. 2003; Berkes 2007; Williams 2011). A second contribution 
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concerns the multi-scalar nature of microclimatic variation. By considering both horizontal 

differences across vegetation and topography as well as vertical differences above and below 

ground, the work illustrates that scale is not only spatial extent but also vertical layering. These 

vertical contrasts, sometimes exceeding 10 K, demonstrate that the scale at which organisms 

interact with their environment differs markedly from the scales usually represented in 

macroclimatic products (Fierke et al. 2025). This perspective supports findings from landscape 

ecology, where analyses that neglect variation along vertical structures of landscape elements 

are often less convincing and harder to relate to ecological processes (Liding et al. 2008; 

Turner and Gardner 2015). Incorporating such vertical patterns into multi-dimensional 

analyses therefore strengthens the ecological relevance of both landscape and microclimate 

research. A third conceptual contribution is the recognition that buffering is a dynamic and 

context-dependent process. Across gradients, buffering strength varied with external thermal 

load and local conditions, showing that it cannot be assumed as a static property of vegetation 

or terrain (Fierke et al. submitted-b). This provides a more nuanced view of how fine-scale 

landscape features interact with broader climatic forcing, emphasizing both the influence of 

spatial heterogeneity on abiotic processes and the role of spatio-temporal interactions (Risser 

et al. 1984). Taken together, these conceptual contributions refine existing ideas in landscape 

ecology and microclimatology by showing how uncertainty, vertical and horizontal scale, and 

context-dependence manifest in empirical data from northern Patagonia. 

Methodologically, this thesis advances approaches for analysing microclimatic variability in 

mountainous landscapes where data are sparse and conditions highly heterogeneous. A first 

contribution lies in the systematic comparison and validation of gridded climate datasets. By 

assessing two widely used high-resolution products against local station records, the work 

demonstrates how a comparative evaluation of datasets can be used to identify inconsistent 

variables while also exposing systematic uncertainties, particularly in precipitation (Fierke et 

al. 2024). This approach shows that drawing reliable conclusions requires not only selecting 

appropriate datasets but also acknowledging the degree of confidence that can be placed in 

them (Bobrowski et al. 2021; Abdulwahab et al. 2022; Hemp and Hemp 2024). A second 

contribution is the integration of ground-based loggers with geospatial data and statistical 

modelling to link macroclimate and microclimate across scales. The use of random forest 

regression to identify predictor importance, combined with the downscaling of reanalysis data, 

provided a framework for reconstructing spatial and temporal microclimate patterns beyond 

the short time span of logger deployments (Fierke et al. 2025). This combination illustrates 

how field-based observations can be leveraged to bridge scales, producing microclimatic 

information at both local and regional levels (Zellweger et al. 2019a; Zignol et al. 2023). A third 

contribution arises from the empirical design of paired contrasts across vegetation, elevation, 

and slope orientation. Deploying loggers in replicate pairs enabled the isolation of specific 
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environmental effects on near-surface temperature, while the inclusion of multiple thermal 

metrics such as warming and cooling rates and frost occurrence extended the analysis beyond 

mean conditions (Fierke et al. submitted-b). This design made it possible to capture both the 

magnitude and the dynamics of buffering, and to do so in a way that is replicable and 

transferable to other landscapes. Taken together, these methodological contributions illustrate 

how diverse data sources, machine learning techniques, and carefully designed field 

comparisons can be combined to reveal fine-scale climatic variability in mountain forests. They 

provide a foundation for future work that seeks to integrate microclimatic processes into 

ecological modelling and climate impact assessments, particularly in regions like northern 

Patagonia where long-term and high-resolution measurements remain limited. At the same 

time, the challenges of scaling up microclimate monitoring are increasingly recognized, 

including issues of spatial representativeness, sensor choice, and financial feasibility 

(Lembrechts et al. 2021). Addressing these challenges will be critical for embedding fine-scale 

climatic insights more systematically into regional and global observation networks. 

7.4 Methodological reflections, limitations, and outlook 

Several methodological limitations need to be acknowledged when interpreting the findings of 

this thesis. First, the spatial coverage of the logger network was unavoidably limited. Although 

the paired design across vegetation, elevation, and slope contrasts allowed for direct 

comparisons, measurements were restricted to selected valleys and to binary contrasts. This 

design captured distinct differences between buffered and exposed sites but could not fully 

represent the gradual transitions (Meeussen et al. 2021; Máliš et al. 2023) and edge effects 

(Baker et al. 2016; Hofmeister et al. 2019) that are common in mountain landscapes and of 

considerable ecological importance. The restriction to a relatively small number of sites also 

limits the extent to which results can be generalized across the wider Andean region. Second, 

the temporal scope of the logger deployments was confined to one (Study 3) or two (Study 2) 

years. This enabled the analysis of seasonal patterns and several extreme summer events but 

does not cover interannual variability or the influence of large-scale climate modes such as 

ENSO or the Southern Annular Mode (Grimm et al. 2000; Kayano and Andreoli 2007; Garreaud 

et al. 2013). Downscaling ERA5 data provided a longer baseline for comparison, yet reanalysis 

products and statistical downscaling cannot fully substitute for multi-year in-situ observations, 

particularly in complex terrain. Finally, methodological simplifications and uncertainties must 

be considered. Random forest models proved effective for identifying complex and nonlinear 

relationships but remain sensitive to overfitting when based on relatively few logger points 

(Schonlau and Zou 2020). In Study 2, uncertainties therefore remain both in the empirical data 

and in the modelling process. From an ecological point of view, it should also be noted that the 

scope of this dissertation is restricted to analysing climatic and microclimatic variability itself. 

The ecological implications of these patterns, such as how plants or other organisms respond 
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to macroclimatic and microclimatic changes, are beyond the scope of this work and require 

further research. For example, Reiter et al. (2024), Reiter et al. (2025a), and Reiter et al. 

(2025b) investigate the effects of climate on tree species within the Río Puelo watershed using 

dendrochronological approaches, illustrating how species-specific responses can only be 

assessed with additional ecological and physiological information. In a similar way, recent 

studies by Joelson et al. (2025b) and Joelson et al. (2025a) provide detailed insights into 

understory species composition in the region. A priority for future research would be to 

integrate such species-level datasets with fine-scale microclimatic measurements to better 

understand how near-ground thermal and moisture conditions shape understory biodiversity 

within the Río Puelo watershed. 

Taken together, these methodological reflections clarify the boundaries within which the 

research questions (Q1–Q5) were addressed. The macroclimatic comparisons (Q1, Q2) 

provide robust insights into dataset differences, yet these differences unavoidably introduce 

uncertainty into ecological predictions for forest ecosystems in the Río Puelo watershed. The 

microclimatic modelling (Q3, Q4) identifies key predictors with strong explanatory power, but 

further testing across longer periods and more diverse conditions is needed to confirm their 

generality. The buffering analysis (Q5) demonstrates clear, temperature-dependent buffering 

effects, though its reliance on binary contrasts and a single warm season limits its 

transferability. These considerations point directly toward the next steps: expanding temporal 

and spatial coverage of macro- and microclimatic measurements, integrating mechanistic 

understanding into predictive frameworks, and developing approaches that bridge macro- and 

microclimatic processes not only analytically but also in operational modelling. Addressing 

these priorities would enhance the capacity to forecast forest ecosystem responses to climate 

change with greater accuracy and ecological realism. 
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Annex 

Table A.1 List of all TMS-4 Standard loggers used in Studies 2 and 3 of this thesis, with their respective locality 
IDs, serial numbers, aspects, elevations, and coordinates. 

No. ID Serial No. Aspect Elevation Longitude Latitude 

1 S800C 94226061 south 798 -71.5597010 -41.5849924 

2 S800W 94226062 south 801 -71.5602366 -41.5847029 

3 S800E 94226063 south 807 -71.5592778 -41.5848869 

4 S600E 94226064 south 616 -71.5716028 -41.5909133 

5 S600C 94226065 south 591 -71.5721019 -41.5913257 

6 S600W 94226066 south 591 -71.5725121 -41.5911325 

7 N1400W 94226067 north 1392 -71.5452303 -41.6256508 

8 N1400W 94226067 north 1401 -71.7224535 -41.8055570 

9 N1400C 94226068 north 1395 -71.5448101 -41.6256821 

10 N1400C 94226068 north 1400 -71.7220378 -41.8051567 

11 N1400E 94226069 north 1411 -71.5445779 -41.6258806 

12 N1400E 94226069 north 1396 -71.7218853 -41.8049390 

13 N800E 94226070 north 817 -71.5494252 -41.6122089 

14 N800C 94226071 north 826 -71.5498402 -41.6125135 

15 N800W 94226072 north 822 -71.5501786 -41.6126454 

16 N600W 94226073 north 614 -71.5474864 -41.6074891 

17 N600E 94226074 north 597 -71.5464403 -41.6074311 

18 N600C 94226075 north 595 -71.5468910 -41.6075684 

19 N1500M 94226076 north 1469 -71.5438594 -41.6279210 

20 N1500M 94226076 north 1504 -71.7206217 -41.8057944 

21 S1400C 94226077 south 1399 -71.5551135 -41.5777863 

22 S1400C 94226077 south 1395 -71.7376018 -41.7675115 

23 S1400E 94226078 south 1392 -71.5545327 -41.5780191 

24 S1400E 94226078 south 1389 -71.7372070 -41.7673577 

25 S1400W 94226079 south 1396 -71.5556646 -41.5774316 

26 S1400W 94226079 south 1388 -71.7379255 -41.7676528 

27 S1600M 94226080 south 1598 -71.5667745 -41.5701671 

28 N1300E 94244841 north 1314 -71.5449265 -41.6230159 

29 N1300Wd 94244843 north 1307 -71.5470767 -41.6229355 

30 N1300C 94244844 north 1328 -71.5450206 -41.6229559 

31 N1400Wd 94244845 north 1401 -71.5457448 -41.6253838 

32 N1400Cd 94244846 north 1400 -71.5456743 -41.6254478 

33 N1300Cd 94244847 north 1307 -71.5470017 -41.6229198 

34 N1500W 94244848 north 1500 -71.5441758 -41.6277530 

35 N1400Ed 94244850 north 1399 -71.5456564 -41.6254469 

36 N1300Ed 94244849 north 1309 -71.5469368 -41.6228665 

37 N1300W 95145851 north 1328 -71.5452546 -41.6229617 

38 baseline 95145852 flat 500 -71.5403972 -41.6043236 

39 N1100C 94243676 north 1093 -71.7267465 -41.8007540 

40 N1100E 94243675 north 1094 -71.7269887 -41.8009404 
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41 N1100W 94243674 north 1097 -71.7264609 -41.8011992 

42 S1100C 94243686 south 1094 -71.7297139 -41.7758100 

43 S1100E 94243685 south 1178 -71.7298962 -41.7759149 

44 S1100W 94243684 south 1115 -71.7291658 -41.7759902 

45 N1400C 94243679 north 1400 -71.7220378 -41.8051567 

46 N1400E 94243678 north 1396 -71.7218853 -41.8049390 

47 N1400W 94243677 north 1401 -71.7224535 -41.8055570 

48 S1400C 94243689 south 1395 -71.7376018 -41.7675115 

49 S1400W 94243688 south 1388 -71.7379255 -41.7676528 

50 S1400E 94243687 south 1389 -71.7372070 -41.7673577 

51 N1500M 94243680 north 1504 -71.7206217 -41.8057944 

52 S1500M 94243690 south 1515 -71.7397869 -41.7663704 

53 N900C 94243672 north 883 -71.7237938 -41.7968918 

54 N900E 94243671 north 906 -71.7235864 -41.7970647 

55 N900W 94243673 north 875 -71.7236710 -41.7965338 

56 S900C 94243683 south 892 -71.7227444 -41.7910726 

57 S900W 94243682 south 890 -71.7233255 -41.7909900 

58 S900R 94243681 south 889 -71.7225268 -41.7910381 

 

Table A.2 List of all iButton loggers used in Study 2 of this thesis, with their respective serial numbers, aspects, 
elevations, and coordinates. 

No. Serial No. Aspect Elevation Longitude Latitude 

1 7F0000007A510241 north 500 -71.793194 -41.623551 

2 000000007A484541 north 520 -71.792720 -41.623995 

3 170000007A44C141  north 1200 -71.779598 -41.635436 

4 640000007A45AD41 north 1300 -71.778296 -41.636311 

5 000000007A47C241 north 600 -71.546693 -41.607110 

6 D80000007A497E41 north 600 -71.546535 -41.607211 

7 230000007A477D41 north 770 -71.548284 -41.611750 

8 F10000007A442B41 south 500 -71.781721 -41.589083 

9 C80000007A4FB041 south 800 -71.789404 -41.588316 

10 B30000007A49DF41 south 1200 -71.797969 -41.587383 

11 190000007A4E4241 south 1600 -71.810197 -41.583569 

12 1F0000007A46BF41 north 1300 -71.546347 -41.623137 

13 E00000007A4BB141 north 1000 -71.548726 -41.616777 

14 720000007A4EE341 north 700 -71.553370 -41.609086 

15 2C0000007A4E5041 north 1500 -71.775997 -41.638035 

16 A30000007A4F1141 south 600 -71.572147 -41.591416 

17 1A0000007A461C41 south 700 -71.562438 -41.586217 

18 640000007A4C7C41 south 750 -71.561205 -41.585641 

19 510000007A44A641 south 1050 -71.555070 -41.582388 

20 2B0000007A450341 south 1100 -71.554447 -41.581687 

21 7B0000007A4D0141 south 900 -71.556350 -41.584287 

22 0C0000007A46B141 south 1191 -71.213868 -41.679518 

23 170000007A486D41 north 1425 -71.228244 -41.680371 
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24 880000007A4EFB41 north 1400 -71.228542 -41.680176 

25 4B0000007A4AFF41 north 1402 -71.229493 -41.672846 

26 560000007A462441 north 1407 -71.225128 -41.675444 

27 890000007A4D5541 south 1499 -71.218158 -41.673645 

30 B80000007A4E4A41 flat 1144 -71.235736 -41.666110 

33 CC0000007A4BF241  north 1000 -71.414633 -41.588037 

34 3E0000007A461341 north 1000 -71.415200 -41.587835 

35 8D0000007A469041 south 1100 -71.377916 -41.623976 

36 4B0000007A446141 south 1500 -71.373929 -41.602863 

37 A90000007A4F4E41 south 1000 -71.379110 -41.628003 

38 040000007A4F2C41  south 900 -71.374686 -41.629838 

39 3D0000007A505A41 south 1600 -71.566753 -41.570141 

40 B80000007A44B041 north 1400 -71.411252 -41.621890 

41 FC0000007A4C0C41 north 945 -71.402399 -41.615782 

42 BC0000007A46A441 north 1068 -71.404959 -41.618465 

43 7B0000007A46E241 north 713 -71.508163 -41.618119 

44 960000007A4D3141 north 1400 -71.544006 -41.627810 

 


